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ABSTRACT
Understanding the mechanisms by which genetic variation brings about phenotypic
variation is essential for understanding variation in complex traits. Drosophila
melanogaster is a powerful model organism for such studies. Flies are easy to raise in the
laboratory under controlled genetic and environmental conditions and many genetic tools
are widely available. To chart the genotype-phenotype map, we need to study how
individual genetic variants contribute to phenotypic variation, as well as how
environmental perturbations influence gene expression.
Regarding the former, I generated single nucleotide substitutions in Obp56h in a
common genetic background. Obp56h, a member of the Odorant binding protein multigene
family, is a small gene in a favorable genomic location for CRISPR-Cas9 mediated
deletion. After deletion, I reinserted the gene at the endogenous locus with individual allelic
variants chosen from those segregating in a wild-derived inbred population to produce five
lines varying at single nucleotides in a common genetic background. Different alleles, both
within and near the gene (potentially regulatory) and both common and rare, have different,
large effects on organismal fitness traits as well as on genome-wide coregulated ensembles
of transcripts. These effects are at the level of mean and microenvironmental variance in
both fitness traits and the transcriptome. However, these alleles have only small effects on
fitness traits in the wild-derived inbred population indicating that the effects of individual
alleles can be context-specific and are perhaps suppressed in natural populations via
epistatic interactions.
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Next, I studied how acute cocaine consumption and developmental alcohol
exposure affect the transcriptome at single-cell resolution. The Drosophila brain is small,
allowing for comprehensive whole-brain studies. Further, previous studies have
characterized effects of acute cocaine consumption and developmental alcohol exposure
on flies, which resemble those in humans. Single-cell RNA sequencing revealed that the
transcriptomes of cells in the fly brain are affected in a cell-type and sex-dependent manner
after the flies consumed fixed amounts of cocaine or are exposed to developmental alcohol
exposure. These effects are sexually dimorphic, with males showing a greater degree of
differential expression and are particularly prominent in glial and mushroom body cells.
Developmental alcohol exposure leads to a similar, but different, sexually dimorphic and
cell-type dependent pattern of differential expression as cocaine consumption. Some
mechanisms are shared between the experimental paradigms indicating common processes.
The strategies used in the studies described in this dissertation can be generally
applied to explore genotype-phenotype relationships at high resolution.
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CHAPTER ONE
INTRODUCTION

Mapping genotype-phenotype relationships using Drosophila melanogaster
Understanding genotype-phenotype relationships and the genetic architecture of
complex traits is of great importance for precision medicine, plant and animal breeding
and understanding adaptive evolution. The early studies in genetics which attempted to
understand these relationships, such as those by Gregor Mendel, were mostly focused on
genes with large effects (“Mendelian” traits). Quantitative traits (e.g., height, blood
pressure) have a continuous distribution across the population and are usually highly
polygenic, often with significant context-specific effects (e.g., epistasis). The advent of
accessible genome sequencing methods in the late twentieth century made large-scale
quantitative genetics studies more feasible, leading to the publishing of a plethora of
genome-wide association studies (GWAS) to uncover genotype-phenotype relationships
in a variety of taxa, including humans. However, GWAS on humans have several
limitations, such as the inability to strictly control for environmental variables, the blocklike structure of the human genome, which prevents high resolution mapping, and the
lack of numerous genetically identical individuals to serve as replicates in a phenotypic
trait scoring paradigm. Quantitative studies on mammalian model organisms (e.g., mice)
also have their limitations- mainly the cost of performing large-scale, high-throughput
assays to identify polymorphic loci with small effect sizes. The fruit fly, Drosophila
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melanogaster, has been widely used as a model organism by geneticists since the time of
Thomas Hunt Morgan, and can be grown easily and economically in large numbers in the
laboratory with controlled genetic backgrounds, population structure and environmental
conditions. D. melanogaster has been widely used for studying quantitative genetics to
understand the genetic architecture of complex traits, facilitated by resources such as the
Drosophila melanogaster Genetic Reference Panel (DGRP) and Drosophila Synthetic
Reference Population (DSPR) (Mackay et al, 2012; King et al, 2012).
In this dissertation, I take two approaches to understand the genotype-phenotype
relationship in flies. First, I attempt to understand the effects of single nucleotides within
a gene on organismal phenotypes and the transcriptome of fly heads. Second, I use
single-cell transcriptomics to uncover the effects of substances of abuse (cocaine and
alcohol) on the transcriptome of the fly brain at the cell-type level.
In this chapter, I review the literature on mapping genotype-phenotype
relationships at single-nucleotide and single-cell levels. I explain the reasoning behind
our strategy for understanding the effects of single nucleotide polymorphisms and review
the literature on odorant binding proteins. Then I delve into how single-cell
transcriptomics can be used to map genotype-phenotype relationships at single-cell
resolution and also review the literature on the genetics of substance abuse. Chapter 2 is a
study elucidating the effects of single nucleotide changes in a common genetic
background on organismal and transcriptional phenotypes, with a focus on the gene
Obp56h. Chapter 3 is a paper (published in Molecular Biology and Evolution) on which I
am a co-author, which delves into the molecular evolution of the Obp50a-d gene cluster
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using a deletion-reinsertion strategy similar to the one used in Chapter 2. Chapter 4 is a
paper (published in Genome Research) which focuses on the effects of acute
consumption of cocaine on the transcriptome of fly brains at cell-type resolution. Chapter
5 is a paper (published in Frontiers in Psychiatry) which also uses single-cell RNA
sequencing, which maps the effects of developmental exposure to ethanol on the
transcriptome of the adult fly brain. In Chapter 6, I summarize the overall findings from
this dissertation and its major contributions to the field. I also expand upon potential
future directions for these projects.
Genotype-phenotype mapping at single nucleotide resolution
Mapping at single-nucleotide resolution
The infinitesimal (Fisher, 1918) and the omnigenic models (Boyle et al, 2017) of
quantitative genetics try to explain the genetic architecture of complex traits at a broad
level. According to the infinitesimal model, a complex trait is affected additively by a
large (effectively infinite) number of loci, each having a very small effect size. There are
several ways in which the underlying biology could lead to such an overall effect in a
population. It is possible that the individual alleles do, indeed, have small effect sizes and
come together in an additive manner. Another possibility is that the associated allele is in
linkage disequilibrium (LD) with a nearby, actual causal allele (Lai et al, 1994; Manolio
et al, 2009). It is also possible that the alleles have small effects in overall populationbased association mapping studies but when isolated in common genetic backgrounds,
they might have large effect sizes, which are cancelled out by epistatic interactions with
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other parts of the genome (Huang et al, 2020). The omnigenic model is an extension of
the infinitesimal model and states that a complex trait is governed by many genes, of
which a small number form the core and the majority form the periphery of
transcriptional regulatory networks in trait-relevant tissues. Any effects on the core genes
affect a large number of loci in co-regulated networks but it is the genes in the periphery
that contribute most to the heritability of a trait.
This dissertation aims to understand the underlying biology behind the genetic
architecture of complex traits by isolating alleles in a common genetic background and
observing their effects on organismal phenotypes and the coregulated gene and gene
regulatory networks. This is difficult to achieve using classical quantitative genetic
methods but is feasible using precise genome editing tools (Gratz et al, 2014).
Quantitative trait locus (QTL) mapping and association studies give a list of
polymorphisms associated with a complex trait but sometimes the associated
polymorphism is not truly affecting the phenotype, but instead is in the same LD block as
the causal locus. Further, QTL mapping studies such as genome wide association (GWA)
studies on the Drosophila melanogaster Genetic Reference Panel (DGRP) lack the power
to assess the effects of rare alleles because of their low frequency in the population
(Mackay & Huang, 2018).
The deletion-reinsertion strategy used in Chapter 2 of this dissertation allows one
to isolate the alleles of interest in the odorant binding protein Obp56h gene region in a
common genetic background and thus, to test their effects on organismal phenotypes as
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well as coregulated gene regulatory networks. This allows one to test whether the
infinitesimal and the omnigenic models hold true for the alleles in isolation. Such an
experimental design allows one to control the effect of environment on the genotypes,
confounding effects of other alleles in LD blocks, the epistatic effects of other loci and
also allows one to test the effect of rare alleles.
Odorant binding proteins
Animals communicate with each other and with their abiotic environment through
various modalities. Of the five senses, the sense of smell is always working in the
background but is often the one we think the least about consciously. Phylogenetically,
smell is the first mode of inter-individual communication to evolve (Sarafoleanu et al,
2009). Smell provides a way for animals to communicate with each other (to find mates
or to warn conspecifics about the presence of predators); and with the abiotic
environment (to locate food or oviposition sites). In the case of aquatic animals, this longrange communication is based on the ability to sense and respond to hydrophilic
molecules transported in the aquatic environment. These molecules can reach the
chemosensory receptors of the animals without the need for specialized carrier molecules
since the lymph surrounding the chemosensory receptor neurons is also hydrophilic.
However, aquatic animals sometimes need to communicate using hydrophobic molecules
as well and this communication is mediated through short-range modalities. When some
animals transitioned from aquatic habitats to terrestrial lifestyles, long-range
communication through the air mediated by volatile molecules became evolutionarily
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significant. These molecules- odorants- are typically small, volatile, and hydrophobic.
They can be detected even at low concentrations and the signal elicited should be
transient based on the presence of the molecule (Mollo et al, 2014). The need emerged
for a mechanism to facilitate the transport of hydrophobic odorant molecules from the air
through the aqueous lymph to reach to receptor neuron dendrites among both vertebrates
and invertebrates and odorant binding proteins (Obps) have been thought to play a role in
this.
Mammalian Obps
In mammals, odorant binding proteins were first discovered in bovine and rat
nasal mucosa and epithelium (Bignetti et al, 1985; Pevsner et al, 1988a; Pevsner et al,
1988b). An odorant in bell peppers bound specifically to olfactory epithelium and this
binding was shown to be the result of an interaction between the odorant and a 38 kDa
soluble protein. The Snyder laboratory showed that the Obp protein had 33% amino acid
identity with a secreted plasma protein of a family which acts as hydrophobic molecule
transporters (lipocalins) (Pevsner et al, 1988). Hence, Obps might also play a role in
odorant binding and transport from the air through the mucus to the odorant receptors.
The primary role of lipocalins is the transport of hydrophobic molecules. However,
lipocalins (and perhaps mammalian Obps) are also involved in several processes
including immune response, retinol transport, prostaglandin synthesis and regulation of
cell homeostasis (Flower, 1996).
Insect Obps

6

Mammalian Obps, which belong to the lipocalin class of proteins, are structurally
different from insect Obps. Insect Obps were first discovered in the wild silk moth
(Antheraea polyphemus) in 1981 (Vogt & Riddiford, 1981). A protein in A. polyphemous
was shown to bind with the moth pheromone and was hence called pheromone binding
protein (Pbp) (Vogt & Riddiford, 1981). Pbp interacts in vitro with a major component of
the moth male sex pheromone and is expressed at high levels (15μg in a single antenna)
in male antennal sensillae, which play a role in pheromone detection (Vogt & Riddiford,
1981). Obps have been studied in a variety of insect species and share some features
across species. Several Obps, especially those in silk moths, are expressed at high levels
in the antennae. In D. melanogaster, five of the top ten highly expressed genes in the
antennae are Obps. Although highly expressed, Obps are very divergent in their
sequences. Flies have 52 Obp genes that share only about 20% amino acids on average.
This high level of divergence persists among different species, which suggests a potential
role in adaptive evolution. Although highly divergent, they share a characteristic structure
produced by three disulphide bonds via six conserved cysteine residues, six alpha helices
and an internal cavity which could be a binding site for small hydrophobic molecules
(Larter et al, 2016; Sun et al, 2018).
Functions of Obps in insects
Initial studies on Obps focused on their possible role in chemosensation and led to
a prevailing model of their role in this behavior. The prevailing model for Obp function is
that these small extracellular proteins bind with hydrophobic odorant molecules in the
aqueous sensillar perilymph and transport them to the odorant receptors on the odorant
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receptor neuron dendritic membranes (Wojtasek & Leal, 1999; Horst et al, 2001; Leal et
al, 2005). This model is supported by several studies that show the role of Obps in
olfaction. Mutations in Obp genes result in reduced electrophysiological,
electroantennogram and behavioral responses to odorants (Xu et al, 2005; Biessmann et
al, 2010; Pelletier et al, 2010; Swarup et al, 2011). Further, natural variation in Obp genes
is associated with variation in behavioral response to odorants (Wang et al, 2010; Arya et
al, 2010). However, all these studies provide only indirect evidence of the role of Obps in
olfaction. The hypothesis that Obps bind and transport odorants through the perilymph
has not been directly validated. However, recent studies have shed light on the possibility
that Obps might have pleiotropic roles in non-chemosensory functions. Obps are
expressed in non-chemosensory regions such as the brain (Baker et al, 2021) and their
ability to transport small hydrophobic molecules might be used in other tissues. In fact, it
is possible that some Obps might not be involved in chemosensation at all (Sun et al,
2018; Xiao & Carlson, 2019). Previous studies have indicated that Obps might have
diverse roles based on their expression in non-chemosensory tissues and the correlation
of their expression with diverse gene ontology categories such as synaptic transmission,
nutrient sensing, post-mating behavior and detection of signals regulating tissue
development. Several studies have shown that Obps are involved in non-chemosensory
functions. In fact, even when all the highly expressed Obps in the basiconic sensilla of
antennae were knocked out, olfactory abilities of the flies were not impaired, perhaps due
to compensatory expression of other Obps in other cell types (Xiao & Carlson, 2019;
Menuz et al, 2014). For example, Obp59a plays a role in humidity response and
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desiccation resistance, perhaps through modulation of the structure of the hygroreceptor
sensilla (Sun et al, 2018), and the Obp50a-d gene cluster plays a role in starvation
resistance and is expressed in metabolic tissues and male reproductive organs (Johnstun
et al, 2021). Obp69a has been implicated in promoting male aggression (Bentzur et al,
2018) and Obp6 in tsetse flies plays a role in development of the immune system, perhaps
through regulation of expression of a transcription factor (Benoit et al, 2017). Several
Obps have been implicated in reproductive functions. For example, Obp8a is expressed
in the male accessory gland (Arya et al, 2010, St Pierre et al, 2014). System genetics
studies also hint strongly at non-olfactory pleiotropic roles of Obps. Expression patterns
of Obp genes are genetically correlated with genes involved in synaptic transmission,
tissue development, apoptosis, post mating behavior and nutrient sensing (Arya et al,
2010). Further, different environmental and physiological conditions modulate the
expression patterns of Obps (Zhou et al, 2009).
Obp56h
Previous work from the Mackay-Anholt laboratory has shown the role of Obp56h
in several phenotypes. When the expression of Obp56h was knocked down in antennae,
legs, labium and wings, the flies took less time to copulate indicating that the Obp56h
might play a role in increasing copulation latency (Shorter et al, 2016). Obp56h also
plays a role in mating behavior in house flies (Delclos et al, 2021). Another study from
our group focused on the role of Obps in odor avoidance behavior and showed that
Obp56h, especially in males, plays a role in response to 2-ethyl pyrazine, acetophenone,
benzaldehyde and 2-heptanone (Swarup et al, 2011). Another study, which focused on
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the role of Obps in taste, showed that Obp56h is involved in bitter taste consumption:
when the expression of Obp56h was knocked down ubiquitously, the flies showed
reduced consumption of bitter tasting substances (Swarup et al, 2014). Another group
further delved into olfactory behavior and showed that Obp56h is upregulated in response
to negative artificial selection for response to 2,3-butanedione and cyclohexanone,
implying a role in aversive response to odors (Brown et al, 2020).
Genotype-phenotype mapping at single-cell resolution
Single-cell transcriptomics
The field of single cell transcriptomics had its beginnings 30 years ago when two
groups succeeded in sequencing the transcriptome of single cells from hemopoietic cells
and dissociated rat hippocampus, respectively (Brady et al, 1990; Eberwine et al, 1992).
Rat hippocampal cells, which appear morphologically similar to each other and are
located in the same region of the brain, are not necessarily transcriptomically similar.
This heterogeneity in transcriptomes of otherwise similar cells is a major reason for the
recent push towards single cell transcriptomics, particularly in cancer research to
understanding the heterogeneity of cells within a tumor. Further, single cell sequencing
enables the detection of previously undetected transcripts by sequencing single cells
rather than sequencing bulk tissues and does not dilute the signal from genes transcribed
only in a small population of cells. The main limitations for such studies in the 1990s
were the tissue dissociation and cell isolation methods. These tasks had to be done
manually by acute tissue dissociation (Eberwine et al, 1992), individually pipetting out
cells from a culture dish or by using a micromanipulator to obtain the cells of interest
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from tissue (Hwang et al, 2018). Even if the dissociation was possible, sequencing the
individual cells was an arduous task until microfluidic technology made emulsion-based
cell separation possible. Single-cell RNA-sequencing, as we know it, was first published
in 2009 (Tang et al, 2009). In recent years, with the development of higher throughput
methods, there has been a huge increase in the number of single cell omics studies being
published. In fact, single-cell omics has been named the “2019 Method of the Year” by
Nature (Method of the year 2019, 2020).
Applications of single-cell RNA-sequencing
Single-cell RNA-sequencing and other single cell omics approaches have truly
revolutionized the field of omics and brought new insights into the understanding of
regulation of gene expression. Single-cell RNA-sequencing can be used to answer several
types of questions. At the very basic level, it can be used to generate transcriptomic
atlases of tissues and organs. For example, the Drosophila brain (Croset et al, 2018;
Davie et al, 2018), testes (Witt et al, 2019) and ovaries (Jevitt et al, 2020) have been
characterized and the various cell types identified based on gene expression profiles.
Single-cell RNA-sequencing can be especially useful to understand the heterogeneity
within apparently highly similar cell types such as olfactory projection neurons (Li et al,
2017). One limitation of currently available atlases is that there is no easy way to identify
where exactly within a tissue type a certain cell came from based on its transcriptomic
signature without the availability of known marker genes. The Aerts lab and several other
groups are working on further improving these atlases by integrating single-cell
transcriptomic data with spatial information. In developmental biology, single-cell RNA-
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sequencing of samples obtained at different time points during development can be useful
for tracing cell lineage and fate specification (Jevitt et al, 2020). In cancer biology, it was
classically thought that all cells within a tumor are identical. However, single-cell RNAsequencing has revealed the heterogeneity of cell types within tumors based on
transcriptomic signatures (Bagnoli et al, 2019). Single-cell RNA-sequencing can also be
useful for obtaining high resolution differential expression data at a level which is not
possible with bulk RNA sequencing. Single-cell RNA-sequencing can reveal many facets
of condition-dependent differential expression that may be hidden in bulk RNA
sequencing datasets. For example, consider a hypothetical gene X that is upregulated
upon cocaine consumption in a small subset of cells but downregulated upon cocaine
consumption in all other cells in the brain. The information from the small subset of cells
would have been hidden by that from the other cells in bulk RNA sequencing but can
easily be parsed out in a single-cell RNA-sequencing dataset (Baker et al, 2021).
In this dissertation, I conducted single-cell RNA-sequencing experiments to
understand how the transcriptome of different cell types in the brain responds to naïve
cocaine consumption and developmental alcohol exposure. From a human perspective,
this would be analogous to analyzing the transcriptomic profiles of different cell types in
the brains of adults who have consumed cocaine for the first time or those who have Fetal
Alcohol Spectrum Disorders (FASD). The main advantage of this approach is the
potential for increase in both resolution depth and dataset. If a gene is upregulated in a
few cells in the brain, the signal would get lost among the noise in a bulk RNA-
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sequencing study; however, sparse signals can be parsed out in a single-cell RNAsequencing study.
Microfluidics-based methods for cell separation
Cell separation becomes markedly easier if one has a cell suspension, either from
a suspension cell culture or from dissociated primary tissue. Several studies use
Fluorescence Activated Cell Sorting (FACS) to separate cells in a population based on
pre-labeled fluorescent (or magnetic) markers (Hu et al, 2016; Attaf et al, 2020). This
method allows the user to selectively isolate the cell type of interest from the bulk
suspension and perform studies that ask the question of whether similar cells have
heterogeneous transcriptomic profiles. However, FACS is not always the ideal choice.
When characterizing all the cells in a bulk suspension or when working with limited
starting material (e.g., to build a transcriptomic atlas for a patient tumor tissue type),
other methods may be preferable. Microfluidics-based technologies are often used in
cases such as these and have been rapidly adopted as the method of choice for cell
separation in single-cell omics.
Fluidigm
The Fluidigm C1 platform allows users to separate 800 cells into individual wells,
individually stain and morphologically characterize them, if desired, and perform the cell
lysis and cDNA preparation automatically on the same chip. However, this technology is
not compatible with tissues that have heterogeneously sized cell types and needs a large
number of cells as starting material (Tang et al, 2009, Islam et al, 2014).
Droplet-based methods
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10X Genomics Chromium, DropSeq and inDrop are all droplet-based platforms
for cell isolation after obtaining a cell suspension, ideally free from cell clumps and
debris from dead cells and extracellular matrix (Zhang et al, 2019). All three methods use
microfluidics to tag each cell with a unique barcode. The primers in/on each bead are
composed of a PCR handle, a cell barcode (to post-hoc identify which cell a particular
read came from), a unique molecular identifier (to post-hoc identify the specific
transcripts) and a poly-T (to perform poly-A enrichment for mRNA molecules). Apart
from these basics, each system is different and uses different strategies to perform the
steps of cell encapsulation and lysis, reverse transcription for first strand synthesis,
second strand synthesis and cDNA amplification.
Cell encapsulation, lysis, and reverse transcription
inDrop and 10X Genomics both use a hydrogel bead. The beads are loaded into
the area with the incoming cells from a tightly packed input channel. This is possible
because the beads are soft and can be closely packed together. Hence, during cell
encapsulation, a bead is almost always present and the cells are introduced slowly at a
low concentration, leading to a super-Poissonian distribution and high cell capture
efficiency (80% bead occupancy and 50% cell capture rate with 10X Genomics).
DropSeq, on the other hand, uses hard brittle resin beads which cannot be packed tightly.
Both beads and cells need to be introduced into the encapsulation area at a low
concentration at low speed, leading to a double-Poissonian distribution (i.e., a lower rate
of cell capture). Further, hydrogel beads can be filled up with a higher concentration of
immobilized primers than can possibly fit on the surface of the small, hard resin beads.
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These hydrogel bead primers are released into the solution phase of the droplet for
reverse transcription. In the case of the resin beads, the primers remain on the bead
surface and they capture mRNA molecules onto the bead through the poly-T tail. The
higher concentration of primers in the hydrogel beads plus the isolation of the reverse
transcription reaction in droplets allows for a much better reaction performance (i.e.,
higher specificity and cDNA yield) than in the case of resin beads.
Second strand synthesis and cDNA amplification
inDrop uses an in vitro transcription-based linear amplification CEL-seq approach
(Hashimshony et al, 2016) whereas both DropSeq and 10X Genomics use template
switching exponential amplification PCR-based SMART-seq-like strategies. Although
the PCR based method leads to better cDNA amplification due to the exponential nature
of its amplification technique, in vitro transcription could be useful for certain
experimental scenarios.
Time
Due to the fact the linear amplification takes longer than PCR to reach the same
library concentration, the library preparation steps for inDrop can take more than 24
hours. DropSeq and 10X Genomics protocols, on the other hand, take less than 24 hours.
In our experimental design, we dissected and dissociated the brains in the morning and
prepared cDNA in the afternoon for two samples per day. The amplified cDNA was
stored, and the library preparation steps were done within one day for all samples.
Full length methods versus tag-based methods
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The 10X Genomics platform does not sequence the entire transcript. Instead, it
tags each mRNA with a Unique Molecular Identifier (UMI) and then sequences only the
3’end of it. This makes sequencing cheaper (especially when an experiment has a large
number of cells) and also avoids any length bias. If full length transcripts are sequenced
(as in Smart-seq) (Hashimshony et al, 2016), there is a bias towards counts from longer
genes and shorter genes tend to be missed (Kulkarni et al, 2019).
Reasons for choosing 10X Genomics
We compared the three currently available droplet-based methods of cell isolation
and concluded that 10X Genomics was the optimal choice for several reasons (Zhang et
al, 2019). It is a commercialized and, hence, highly optimized platform, which is evident
in the detailed protocols. There also exist several software tools that can be used for the
initial data processing steps (e.g., CellRanger and Loupe browser). The 10X Genomics
platform is more sensitive than others in terms of UMI and gene detection, enabling the
detection of twice the number of genes in a cell. This high sensitivity, high proportion of
reads from valid barcodes and low technical noise make 10X Genomics a safe bet for any
laboratory or core facility that has sufficient funding. The funding availability is a
significant limitation which prevents smaller groups without a departmental core facility
from performing single-cell RNA-sequencing studies using this platform - the instrument
itself costs $50,000 and the reagents are expensive. Another limitation of this platform is
that it slightly favors shorter genes and genes with higher GC content.
Limitations of single-cell RNA-sequencing
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The main limitation of single-cell RNA-seq is the loss of spatial information.
After the tissue is dissociated into a cell suspension, one does not have any easy way of
knowing where in the tissue a particular cell came from based on its transcriptomic
signature alone. Further, the dissociation steps themselves lead to artificial filtering of
cell types. The degree and method of dissociation determines which cells are ultimately
present in the suspension to be sequenced. For example, in the case of the Drosophila
brain, an initial enzymatic dissociation that was too harsh followed by a mechanical
dissociation that was not harsh enough, might result in a lot of dead surface glia, many
cortex cells from the periphery of the brain and undissociated central brain cells.
In this dissertation, I delve into the effects of acute consumption of cocaine and
developmental alcohol exposure on the brain. Below is a review of the literature in these
fields indicating the gaps in knowledge that this study attempts to fill.
Genetics of cocaine consumption and abuse
Cocaine is the alkaloid active ingredient of the coca plant, which is native to
South America. The initial steps of cocaine production, i.e., growing and harvesting coca
plants, are still legal in several South American countries because chewing coca leaves
and drinking coca-infused tea are traditional activities. Cocaine was first extracted from
coca leaves and noted for its numbing properties by Albert Niemann, a PhD student in
Germany in the 1880s. Sigmund Freud was a huge proponent of cocaine for its alleged
benefits and even called it a magical substance. In fact, the popularity of the drug led to
the creation of several drinks with added cocaine, including the original Coca-Cola.
Coca-Cola drinkers felt the euphoric high and energy boost characteristic of cocaine
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consumption and this considerably increased the popularity of the drink in the late
nineteenth century (Drake & Scott, 2018).
However, after a few years, the side effects and addictive properties of cocaine
became more evident and legislation was brought into effect to control its manufacturing,
distribution and sale. Despite the obvious side effects and numerous cocaine-related
deaths, use and abuse of cocaine has increased globally over the years. Within the United
States alone, according to the National Survey on Drug Use and Health, more than 1.5
million people abused cocaine in any of its forms in 2014 (NIDA, 2021; Hummel &
Unterwald, 2002).
When used in an appropriate, controlled manner, cocaine can be useful as a
topical analgesic. It has largely been replaced by lidocaine and benzocaine but is still
used sometimes for its analgesic and vasoconstrictive properties for nasal cauterization
surgeries. Cocaine hydrochloride, which is the form of cocaine used for these surgeries,
was approved for medical use in the United States in 2020. Its recreational use is illegal
in all forms in the United States, but the degree of effect depends on the route of
administration. Chewing coca leaves with lime was the traditional mode of consumption
in South America. In this method, the alkaline lime helps with absorption through the oral
mucosa and stomach lining, but even then, only one third of the dose is absorbed into the
bloodstream and the drug takes approximately 30 mins to mediate its effects. Nasal
insufflation (or snorting) is the most common method of cocaine consumption and also
involves incomplete absorption of the drug through the nasal mucosa. Smoking cocaine
gives the user a high faster than snorting but also has the shortest duration of effect.
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Intravenous injection is the most direct method of cocaine administration and is often
used in studies using model organisms. This method involves immediate entry of the drug
into the bloodstream and minimal loss of the dose (Drake & Scott, 2018).
Mechanism of action
The mesocorticolimbic pathway is the major neuroanatomical pathway for reward
behavior and most addictive substances, including cocaine, act by increasing the level of
extracellular dopamine within this circuit. Dopaminergic projections extend from the
ventral tegmental area in the midbrain into several regions in the forebrain, primarily the
striatum (nucleus accumbens and caudate putamen). These neurons release dopamine into
the synapses which is then detected by dopamine receptors D1 and D2, expressed by
neurons within the striatum (Hummel & Unterwald, 2002). Under normal circumstances,
the dopamine transporter removes excess extracellular dopamine from the synaptic cleft
after it has bound with the dopamine receptor. In the presence of cocaine, this reuptake is
blocked because cocaine binds to the dopamine transporter and does not allow it to bind
to and reuptake the excess extracellular dopamine. This leads to accumulation of
dopamine at the synapse and overactivation of the dopamine receptors, leading to the
cocaine high and other behavioral effects (NIDA, 2021; Kiyatkin, 1994; Wise, 1984).
Short term effects of cocaine consumption
The cocaine high has certain characteristic features, including high energy levels,
decreased sleep, increased alertness and sensitivity to stimuli, decreased appetite,
vasoconstriction, dilated pupils and increased body temperature. Higher doses can lead to
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irritability, anxiety, paranoia, tremors, vertigo and in rare cases of overdose: heart attacks,
seizures, stroke and coma. (NIDA, 2021)
Long term effects of repeated consumption
With chronic abuse of cocaine, the reward pathway becomes increasingly less
sensitive. This means that the individual will need increasingly higher doses of cocaine to
achieve the same effect as in the first exposure. Further, with chronic cocaine abuse, the
neuronal circuits associated with stress and negative behaviors become more sensitive.
This means that even a small dose of cocaine is enough to cause anxiety, irritability,
negative moods, and convulsions. Long term cocaine abuse affects users’ cognitive
abilities by lowering attention span, impulse control, memory, and decision-making
abilities. Cocaine also damages organs other than the brain. It can lead to gastrointestinal
issues such as ulcers and cardiac issues such as chest pain and heart attacks. Long term
abuse also increases the chances of intracerebral hemorrhage, stroke and movement
disorders (NIDA, 2021).
Genetic studies on cocaine dependence and abuse in humans
As in other complex trait studies, previous studies used a candidate-gene based
approach. Based on the mechanism of action of cocaine, most studies focused on genes
involved in dopaminergic signaling, including the dopamine receptors and genes
involved in dopamine synthesis, metabolism and degradation (Kaufman & Friedman,
1965; Weinshilboum, 1978; Bi et al, 2014; Farrer et al, 2009; Gelernter et al, 2006;
Grucza et al, 2008; Ittiwut et al, 2011; Kalayasiri et al, 2007; Levran et al, 2015; Luo et
al, 2004; Malison et al, 2006; Sherva et al, 2010; Zhang et al, 2009; Zhou et al, 2015).
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Several studies proposed various associations between these candidate genes and cocaine
dependence, but reproducibility has been a challenge (Colhoun et al, 2003; Munafo &
Flint, 2009). In fact, a GWAS for cocaine dependence revealed no associations with
genes involved in dopaminergic signaling (Gelernter et al, 2014). As sequencing becomes
more affordable, genome-wide studies have become more feasible. Based on twin
studies, we know that cocaine use disorders have a high heritability of 0.65 in females
and 0.79 in males (Kendler & Prescott, 1998). One of the first GWAS on cocaine
dependence in humans found four genes to be significantly associated with increased
predisposition for cocaine abuse - FAM53B, KCTD20, STK38 and C1qL2 (Gelernter et al,
2014; Huggett & Stallings, 2020; Huggett et al, 2020). However, the exact mechanism by
which these genes play a role in increasing this predisposition is currently unknown.
FAM53B has been postulated to play a role in cell proliferation and axon extension in
model organisms. Further, a QTL mapping study using a mouse inbred panel also
revealed Fam53b as one of the top hits for association with cocaine self-administration
(Dickson et al, 2016). Another omics-based approach to study the genetic architecture of
cocaine dependence is RNA sequencing of post-mortem brain tissue of cocaine abusers
versus those of controls (Ribeiro et al, 2017). This study implicated several immediate
early genes (FOS, JUN and JUNB) as well as a co-expression network with genes
involved in neuroplasticity processes in cocaine dependence. Thus, although it is clear
that cocaine use and abuse have a genetic component, the genetic architecture is largely
unknown. Using model organisms allows us to perform large-scale quantitative studies in
a controlled manner using a large sample size, which is difficult with humans.
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D. melanogaster as a model organism for drug studies
Fruit flies (D. melanogaster) are easy to raise in large numbers in the laboratory
with controlled genetic backgrounds and environmental conditions and have short
generation times. The amount of drugs given to the fly can be precisely controlled, unlike
studies of substance abuse in humans. The plethora of molecular tools available today
including Gal4-UAS, Split-Gal4 and CRISPR-Cas9 germline gene editing make it
possible to conduct detailed neurogenetic studies to understand the mechanisms
regulating substance abuse disorders. For example, Gal4-UAS and other strategies can be
used to map the neural circuits involved in these processes and also to understand the
roles of specific genes in these processes when used in combination with RNAi
approaches. The ease of designing high-throughput behavioral assays and the existence of
resources such as the P-element insertion mutants, RNAi lines and DGRP lines make
large forward genetics screens feasible, allowing us to identify genes with small effect
sizes involved in various aspects of substance abuse. Further, 75% of human disease
genes, including those implicated in substance abuse, have orthologs in fruit flies,
allowing us to perform studies with potential impacts on human health. One can use tools
such as CRISPR-Cas9 gene editing to perform reverse engineering experiments to draw
detailed genotype-phenotype maps. For example, one could knock-in a human allele
associated with cocaine abuse into a fly ortholog and observe its effects on substance
abuse-related traits (Heberlein et al, 2009).
The central nervous system of the fly is much smaller and simpler than that of
rodents, allowing us to perform experiments to understand the response to drugs at the
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whole-brain rather than the region-specific level. Dopamine transporters are the primary
molecular target for cocaine in mammals and cocaine binds to the Drosophila ortholog of
the gene in flies. Even at the behavioral level, the response of flies to cocaine
recapitulates that of humans. These dopamine-mediated responses include hyperactivity
and sleep-deprivation (Giros et al, 1996; Kanno et al, 2021). Other signaling mechanisms,
including neurotransmitters, in the Drosophila brain are also similar to those in mammals
(Littleton & Ganetzky, 2000; Lloyd et al, 2000).
Modes of cocaine administration
Different studies have used different methods to administer cocaine to flies, each
with their advantages and disadvantages. These methods include injection (Dimitrijevic
et al, 2004), topical administration by airbrushing onto the cuticle (Lease & Hirsch,
2005), volatilized cocaine via a “FlyBong” (Filosevic et al, 2018) and feeding (Highfill et
al, 2019). The choice of method is particularly important when one considers the ways in
which humans consume cocaine. Injection is the best way to get the maximum amount of
drug into the system quickly. However, for practical reasons and to allow for higher
throughput, we chose oral consumption via a capillary feeding paradigm (Ja et al, 2007)
for our studies.
Candidate gene-based studies
Most D. melanogaster studies using cocaine have examined the roles of various
genes in modulating sensitivity to cocaine by observing the effects on locomotion. Genes
which play a role in decreasing sensitivity include clock genes such as per, Clk, cyc and
dco (Andretic et al, 2002). Clock genes in mammals also play a role in cocaine
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sensitization (Abarca et al, 2002). On the other hand, genes which play a role in
increasing sensitivity to cocaine include moody and dLmo. Moody acts in conjunction
with loco (but with the opposite direction of effect) at the blood-brain barrier to regulate
its permeability (Granderath et al, 1999; Bainton et al, 2005; Schwabe et al, 2005). dLmo
is expressed in the PDF (Pigment Dispersing Factor) neurons, which are the circadian
pacemakers of the fly. The mammalian orthologs of loco and dLmo have also been
implicated in cocaine-related phenotypes (Bishop et al, 2002; Gold et al, 2003; Schwendt
& McGinty, 2006; Schwendt et al, 2007; Lasek et al, 2010).
Genome-wide studies
A GWAS for variation in naïve cocaine consumption (capillary feeding paradigm)
using 46 DGRP lines revealed that there is a significant genetic component to this trait,
even in flies, with a broad-sense heritability of 0.2 (Highfill et al, 2019). Similar to most
other behavioral phenotypes, this trait is highly polygenic and sexually dimorphic. The
genes associated with variation in naïve cocaine consumption fall into several functional
categories including nervous system development, regulation of gene expression and
canonical signaling pathways. Another genome-wide study done on an advanced
intercross population (AIP) derived from the DGRP also indicates that genes involved in
signaling pathways and development of the nervous system are associated with variation
in naïve cocaine consumption and that this trait is highly polygenic and sexually
dimorphic (Baker et al, 2021).
Genetics of alcohol abuse and FASD
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Alcohol use disorders are a major socioeconomic problem around the world, with
alcohol misuse being a leading risk factor for premature death and disability. According
to the World Health Organization, it is responsible for 4% of global deaths (World Health
Organization, 2011). Alcohol can bring about its toxic effects in several ways, one of
which is its effects on the developing embryo (Rusyn & Bataller, 2013). These effects
have been observed across various taxa, from insects to mammals (McClure et al, 2011).
Despite clear warnings on alcoholic drinks, ethanol consumption among pregnant women
continues, especially among alcoholics. According to a 2019 report from the Centers for
Disease Control and Prevention (CDC), 1 in 9 pregnant women reported alcohol
consumption within the past 30 days, one third of whom reported binge drinking (CDC,
2021). FASDs (Fetal Alcohol Spectrum Disorders) encompass a broad range of
phenotypes, often dependent on the dose and timing of exposure, making diagnosis
difficult. Children with FAS (Fetal Alcohol Syndrome) are sometimes misdiagnosed
with autism spectrum disorders. FAS is the most severe manifestation of the FASD
spectrum and is the leading cause of intellectual disability in the West (Hoyme et al,
2005; Pulsifer, 1996). Children with FAS show characteristic phenotypes which help
with diagnosis including growth retardation, distinct facial features (smooth philtrum,
thin upper lips and small eye width) and structural (microcephaly), neurological
(seizures) and functional (learning disabilities) damage to the central nervous system
(CDC, 2021). The CDC reported that 6-9 out of every 1000 school-age children have
FAS (CDC, 2021). A single such individual costs approximately 2 million dollars over
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their lifetime and FAS in general costs the United States more than 4 billion dollars
annually (CDC, 2021).
Mammalian models of FASD
Various groups have generated models of FASD in rodents, which recapitulate the
characteristic phenotypes observed in humans, including developmental delay,
craniofacial defects, and neurobehavioral issues (Almeida et al, 2020). Some groups have
taken a step further and conducted transcriptomic studies to identify the changes in gene
expression brought about in the progeny following developmental exposure to alcohol.
These lists of differentially expressed genes, and the functional categories into which
they fall, vary with the developmental stage of analysis and the experimental design.
Further, these changes are dynamic, i.e., they can be affected by environmental insults in
adulthood and several other factors (e.g., other psychoactive drugs, nutrition levels and
stress) (Zhou, 2015). Several studies have examined gene expression changes in the early
stages of development following maternal alcohol consumption (Da Lee et al, 2004;
Downing et al, 2012; Green et al, 2007; Hard et al, 2005; Kleiber et al, 2012; Shankar et
al, 2006; Rosenberg et al, 2010), but few studies have delved into how developmental
exposure to ethanol affects the transcriptome in the adult. One such study found several
genes to be differentially expressed in brain regions of adult rats following prenatal
exposure to ethanol. These genes (15 in the prefrontal cortex and 4 in the hippocampus)
are involved in a wide array of functions including neurodevelopment, neuronal
signaling, apoptosis and energy metabolism (Lussier et al, 2015).
Studying response to alcohol in flies
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The response to ethanol, both at the behavioral and transcriptomic level, can also
be studied in fruit flies. D. melanogaster is an excellent model organism for studying
complex traits, including those with a neurobiological component for reasons mentioned
earlier. At the behavioral level, flies exhibit behaviors similar to those in rodent models
when exposed to increasing concentrations of ethanol (e.g., hyperactivity, sedation and
tolerance) and at the systems biology level, the mechanisms and molecular pathways that
bring about these effects are conserved (Wolf et al, 2002; Scholz et al, 2000). For
instance, flies have orthologs of mammalian neurotransmitters (e.g., GABA, serotonin,
dopamine) and these have been implicated in mediating the effects of ethanol (Heberlein,
2000). Extensive studies have been performed both at the candidate gene and genomewide level to understand the response to ethanol in flies. The characteristic intoxication
phenotypes have been demonstrated in flies, which led to the identification of mutants
which display impaired response to ethanol (i.e., cheapdate, tipsy and barfly), all of
which display impaired sensitivity to ethanol vapors (Heberlein, 2000). Impaired
sensitivity to ethanol vapors is mediated primarily by dopamine signaling pathways
(Bainton et al, 2000). Flies also show addiction-type behaviors including preference for
ethanol-laced food, self-administered consumption of pharmacologically relevant doses, a
desire to obtain ethanol even in the presence of aversive stimuli and relapse after a period
of being deprived of ethanol (Devineni & Heberlein, 2009; Devineni & Heberlein, 2010).
Several genome wide studies have delved into the genetic architecture of ethanol
sensitivity and consumption. A P-element screen identified 124 genes that play a role in
ethanol sensitivity, many of which had not previously been implicated in ethanol-related
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phenotypes (Morozova et al, 2011). A GWAS for ethanol sensitivity using the DGRP
revealed that this trait is highly polygenic and partially determined by genes involved in
catecholamine synthesis (e.g., Ddc) (Morozova et al, 2015). Further, genes associated
with voluntary consumption of ethanol partially overlap with those associated with
variation in feeding behavior as well as sensitivity to ethanol (Fochler et al, 2017). Our
group’s foray into studying the effects of developmental exposure to ethanol began with a
study that quantified variation in viability and developmental time of DGRP lines raised
on regular versus ethanol-supplemented food (Morozova et al, 2018). Several genes
involved in development of the nervous system were found to be associated with
developmental alcohol exposure. A hub gene among them was CycE, which plays a role
in cell cycle regulation and is expressed at high levels in the ovaries.
Developmental exposure to ethanol in flies- models of FASD
FASD has been previously modeled in D. melanogaster and developmental
alcohol exposure in flies recapitulates several features of FASD including reduced
viability, developmental delay and neurobehavioral changes including altered response to
ethanol-induced sedation (McClure et al, 2011). To generate this model, the Heberlein
laboratory raised flies under ethanol conditions (ethanol was provided both in volatilized
form and in the food) from eggs to eclosion. Previous literature has suggested several
possible mechanisms for the teratogenic toxicity of ethanol including oxidative stress,
neuronal cell loss and migration defects, changes in patterns of DNA methylation,
decreased retinoic acid production and inhibition of growth factors and/or their signal
transduction pathways (McClure et al, 2011). In particular, IGF (insulin growth factor)
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signaling plays a role in ethanol-mediated toxicity in cultured neurons, rodents and flies
(McClure et al, 2011; de la Monte et al, 2005; Barclay et al, 2005). In flies, dilp
expression is downregulated in response to developmental alcohol exposure and
restoration of its expression can restore the developmental and neurobehavioral
phenotypes associated with developmental alcohol exposure (McClure et al, 2011).
Children with FASD tend to have eating disorders such as anorexia and dysphagia
(Clarren & Smith, 1978). Supplementing food with ethanol reduces feeding at all
developmental stages and also induces starvation resistance. Rachael French’s group
discovered that npf, the fly ortholog of neuropeptide Y (the appetite-stimulating
molecule), has an important function in protecting against developmental alcohol
exposure-induced altered appetite and feeding behavior (Guevara et al, 2018). Another
indication of the link between feeding and FASD is that several fatty acid metabolism
genes (e.g., whd) are misregulated under developmental alcohol exposure conditions,
which then leads to oxidative stress (Logan-Garbisch et al, 2014).
FASD in adults
Most studies on FASD tend to focus on children and adolescents and their
analogous animal model ages. However, it is known that the effects of developmental
alcohol exposure last well into adulthood (Moore & Riley, 2015; Klintsova et al, 2012).
These effects include shortened stature (as well as smaller brain size) and behavioral
problems (e.g., poor memory, motor coordination and attention span). Other aspects of
health are also affected, further increasing the socioeconomic burden from individuals
with FASD. These include increased risk of infection, autoimmune disorders,
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hyperglycemia, hypertriglyceridemia and some cancers. Unpublished previous work from
our group delved into the effects of developmental alcohol exposure on the
transcriptomes of flies of different genetic backgrounds. Even though this study
sequenced the transcriptomes of whole adult flies and had a slightly different
experimental design, we observed that several of the genes involved in IGF signaling in
flies were differentially expressed in response to developmental alcohol exposure. We
also noted differential expression of genes involved in oxidative stress, fatty acid
metabolism and feeding behavior.
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Introduction
Quantitative traits vary continuously in natural populations due to segregating
alleles at many genes with environmentally sensitive effects (Falconer and Mackay 1996;
Lynch and Walsh 1998). Understanding the genetic and environmental basis of variation
for quantitative traits is important for precision medicine, agriculture, and evolutionary
biology. However, it is challenging to dissect the genotype-phenotype map at base pair
resolution because quantitative trait locus mapping studies are limited in precision due to
blocks of linkage disequilibrium (LD) in linkage and association mapping populations,
within which molecular polymorphisms are not independent; and effects of individual
rare variants cannot be evaluated using association mapping. In addition, most molecular
polymorphisms associated with quantitative traits are in non-coding genomic regions and
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presumably affect complex organismal phenotypes via regulation of gene expression, not
only of the gene most proximal to the variant, but also of co-regulated genes (Anholt et
al., 2003; Arya et al., 2010; Boyle et al. 2017; Anholt & Mackay, 2018). There is also a
growing realization that naturally occurring polymorphisms can be associated with
micro-environmental variance as well as mean values of quantitative traits; i.e., the
within-genotype phenotypic variance can differ between alternative alleles (SanCristobal-Gaudy et al. 2001; Sorensen and Waagepetersen 2003; Mackay and Lyman
2005; Rowe et al. 2006; Harbison et al. 2013; Garlapow et al. 2015; Morgante et al. 2015;
Lin et al. 2016; Wang et al. 2017).
Here, we used a CRISPR/Cas9 mediated gene deletion and reinsertion strategy to
generate an allelic series of closely linked single nucleotide polymorphisms (SNPs) in a
737 base pair region including the Drosophila melanogaster Odorant binding protein 56h
(Obp56h) gene. Obp56h is an excellent candidate for CRISPR/Cas9 germline gene
editing since it is a member of a multigene family (Hekmat-Scafe et al. 2002; Vieira et al.
2007; Larter et al. 2016) for which functional redundancy is likely to prevent lethality
upon gene deletion; it is a small gene (651 bp) without nested genes; and the nearest
genes are 12,891 bp upstream and 10,374 bp downstream. There is also evidence that
Obp genes have pleiotropic effects on quantitative traits. Other members of the Obp gene
family have pleiotropic functions that extend beyond their traditional roles in
chemosensation (Findlay et al. 2008; Arya et al. 2010; Sun et al. 2018a; Johnstun et al.
2021). RNA interference of Obp56h affects olfactory behavior (Swarup et al. 2011),
avoidance of bitter tastants (Swarup et al. 2014), mating behavior (Shorter et al. 2016),
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and expression of co-regulated genes associated with lipid metabolism, immune/defense
response and heat stress (Shorter et al. 2016). Obp56h is expressed in chemosensory
tissues (Galindo & Smith 2001) and in the central brain (Baker et al. 2021; Mokashi et al.
2021), which suggests functional pleiotropy at the Obp56h locus.
We generated an Obp56h null allele by inserting a transgene with a selectable
marker in the endogenous Obp56h genomic location, and then excised the selectable
marker and replaced it with transgenes containing the minor allele for each of five
Obp56h SNPs that segregate in the D. melanogaster Genetic Reference Panel (DGRP)
(Mackay et al. 2012; Huang et al. 2014), all in a common genetic background. Three of
the SNPs are common, with minor allele frequencies (MAF) ≥ 0.05, and two are rare
(MAF < 0.05); two are protein coding missense polymorphisms and three are potentially
regulatory variants located upstream and downstream of the gene body and in the 3’ UTR
(Fig. 1). We quantified the effects of each SNP on the mean and micro-environmental
variance of multiple fitness-related quantitative traits and on genome-wide gene
expression. This enabled us to compare the pleiotropic effects of multiple SNPs in one
gene that are in LD in a natural population and of rare vs. common, protein coding vs.
noncoding variants on organismal quantitative traits and the co-regulated transcriptome.
We found extensive functional pleiotropy of Obp56h, and heterogeneous, large, and
sexually dimorphic allelic effects for all organismal and transcriptional phenotypes. This
reverse genetic engineering strategy can be generally applied to other genes to dissect
variation in the genotype-phenotype relationship at single base pair resolution.
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Results
Generation of Obp56h allelic series
There are a total of 104 SNPs and 16 insertion/deletion polymorphisms in the
2,651 bp genomic region including the Obp56h locus and 1 kb up- and down-stream of
this locus in the DGRP. We selected five SNPs with MAFs ranging from 0.006 – 0.26:
Obp56hA5510C is upstream of the coding region; the minor alleles of Obp56hT5613C and
Obp56hC5849G are missense mutations in the first and second exon, respectively;
Obp56hA6182T is in the 3’ UTR; and Obp56hT6247A is in the downstream region (Fig. 2.1;
Table 2.1). The MAF of Obp56hC5849G and Obp56hA6182T are < 0.05; these
polymorphisms are underpowered for genome-wide association analyses. The SNP
names begin with the common allele variant and end with the minor allele variant; the
four intervening numbers are the last four digits of the genomic location. Allele names
are the genomic locations followed by the nucleotide. Although LD declines rapidly with
physical distance in D. melanogaster (Mackay et al. 2012; Huang et al. 2014), these
SNPs are in strong LD in the DGRP and therefore not independent (Supplementary Table
S2.1).
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Figure 2.1 Construction of the Obp56h null allele and a series of DGRP minor alleles
of Obp56h. Dark gray boxes represent exons of the Obp56h gene and light gray boxes
indicate the intron and 5’ and 3’ untranslated sequences. We designed guide RNAs
flanking the Obp56h gene for CRISPR/Cas9-mediated deletion at the cut sites, indicated
by the scissor symbols, in the Canton S-B (CSB) genetic background. We replaced the
gene with a cassette that contains a DsRed fluorescent marker (orange box) under the
control of an eye-specific 3XP3 promoter and with SV40 polyadenylation sequences,
loxP sites (blue boxes) for Cre-mediated removal of the insert, and an attP site (purple
box) for PhiC31-mediated reinsertion. We then performed PhiC31-mediated site-specific
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recombination to generate Obp56h alleles with indicated nucleotide substitutions
(arrows) that were generated by site directed mutagenesis. The Obp56h alleles are in the
CSB background (which has the major allele for each of the five Obp56h SNPs) except
for each single substituted base pair and the short 34 bp attL and 60 bp attR sequences
(purple boxes) that remained after recombination.

Table 2.1 Genotypes used in this study. The control genotype, CSB, has the major allele
for all Obp56h DGRP SNPs.
Chromosomal
Location
(Flybase
version 6)

DGRP
Minor
Allele

DGRP
Major
Allele

DGRP
Minor
Allele
Frequency

Symbol

Annotation

Obp56h-/-

Obp56h null

Obp56hA5510C

A5510C upstream

2R:19,815,510

C

A

0.264

Obp56hT5613C

T5613C F13L

2R:19,815,613

C

T

0.105

Obp56hC5849G

C5849G T72S

2R:19,815,849

G

C

0.049

Obp56hA6182T

A6182T 3'UTR

2R:19,816,182

T

A

0.006

Obp56hT6247A

T6247A downstream

2R:19,816,247

A

T

0.158

We designed a two-step strategy to assess the effects of individual SNPs on
organismal phenotypes and the Obp56h co-regulated transcriptome. First, we used
CRISPR/Cas9 germline gene editing to generate a deletion of the Obp56h gene,
substituting instead a DsRed fluorescent marker. This null allele is designated Obp56h-.
In the second step, we inserted Obp56h genomic sequences that contain the minor allele
of each of the five SNPs in the endogenous location to generate an Obp56h allelic series
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in a common genetic background (CSB, Fig. 2.1; Supplementary Fig. S2.1;
Supplementary Table S2.2). The CSB allele has the common allele for each of the five
SNPs. All transgenes were verified by Sanger sequencing.
Effects of Obp56h alleles on organismal phenotypes

Figure 2.2 Pleiotropic effects of Obp56h alleles on fitness-related quantitative traits.
(A) Viability. (B) Sex ratio. (C, D) Sucrose consumption. (E, F) Survival under starvation
conditions. (G, H) Survival curves under starvation stress. (I, J) Recovery from a chillinduced coma. (K, L) Heat shock survival. For assays where males and females were
scored separately, males are indicated in blue females in pink. *: P < 0.05; **: P < 0.001;
***: P < 0.0001 (Supplementary Table S2.3).

52

Figure 2.3 Effects of Obp56h alleles on activity and sleep phenotypes. (A, B) Total
activity. (C, D) Sleep proportion during the day and night. Males are indicated in blue
and females in pink. *: P < 0.05; **: P < 0.001; ***: P < 0.0001 (Supplementary Table
S2.3).
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We assessed the effects of Obp56h null and SNP alleles on the mean values of
several fitness-related traits: viability, sex ratio, feeding behavior, starvation stress
resistance, time to recover from a chill-induced coma, heat stress resistance, locomotor
activity, and sleep traits. All variants had reduced viability relative to the CSB control,
with a greater effect for the SNP minor alleles (P < 0.0001) than the null allele (P < 0.05)
(Fig. 2.2A; Supplementary Table S2.3). To assess whether effects on viability were
different for male and female offspring, we calculated sex ratios and observed that the
average number of eclosing males was less than the number of females for the
Obp56h5613C, Obp56h5849G, Obp56h6182T and Obp56h6247A alleles (Fig. 2.2B;
Supplementary Table S2.3).
The Obp56h alleles had heterogeneous, often sexually dimorphic effects on all
other quantitative traits. Obp56h- females (but not males) consumed less sucrose than the
CSB control (P < 0.05). The Obp56h5613C allele had the strongest effect on consumption
levels, with both males (P = 0.0064) and females (P < 0.0001) drinking significantly less
than the control (Fig. 2.2C and 2.2D; Supplementary Table S2.3). The Obp56h5510C allele
had a male-specific increase in sucrose consumption (P = 0.029); and Obp56h5849G (P <
0.0001), Obp56h6182T (P < 0.0001) and Obp56h6247A (P = 0.012) had female-specific
decreases in sucrose consumption (Fig. 2.2C and 2.2D; Supplementary Table S2.3).
Obp56h- females (P < 0.0001), but not males, were more resistant to starvation
stress than the control. All SNP minor alleles showed increased survival time under
starvation conditions than the major allele in females. In males, alleles of Obp56h5510C,
Obp56h5613C and Obp56h5849G had increased survival time under starvation stress;
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Obp56h6182T and Obp56h6247A were not significantly different from CSB (Fig. 2.2E, 2.2F,
2.2G, 2.2H; Supplementary Table S2.3). With respect to time to recovery from a chillinduced coma, the Obp56h- allele slightly decreased recovery time (i.e., in the direction
of increased fitness) in females only (P = 0.03), while the only SNP to affect chill coma
recovery time was Obp56hT6247A, for which the minor allele increased recovery time in
females (P < 0.0001) and males (P = 0.0006) (Fig. 2.2I and 2.2J; Supplementary Table
S2.3). The most heterogeneous effects of Obp56h alleles we observed were for survival
following heat stress. Obp56h- males (P < 0.0001), but not females, had increased
survival compared to CSB. However, Obp56h5613C had markedly increased survival
following heat stress in males (P < 0.0001) and females (P < 0.0001); Obp56h5849G was
not significantly different from CSB in either sex; Obp56h5510C had a female-specific
increase in survival time after heat stress (P = 0.0007); and Obp56h6182T and Obp56h6247A
had increased survival times but with smaller effects than Obp56h5613C (Fig. 2.2K and
2.2L; Supplementary Table S2.3).
Obp56h5510C did not significantly affect total locomotor activity in either sex, but
activity was increased in males for all other alleles and for Obp56h5613C and Obp56h5849G
in females (Fig. 2.3A and 2.3B; Supplementary Table S2.3; the activity of Obp56hfemales decreased compared to CSB (Fig. 2.3B; Supplementary Table S2.3). In females,
the proportion of time spent sleeping during the night was increased relative to CSB for
Obp56h- and minor alleles of all SNPs. Day sleep in females was similarly increased for
all but Obp56h5510C, which was not significantly different from CSB. In contrast, only
Obp56h6182T affected night sleep in males. Obp56h- and Obp56h5510C, Obp56h5613C and
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Obp56h6247A had increased day sleep in males (Fig. 2.3C and 2.3D; Supplementary Table
S2.3).
In summary, single Obp56h SNPs have pleiotropic and sexually dimorphic effects
on the mean values of all organismal quantitative traits we assessed (Supplementary
Table S2.4). The effects of the SNP common and minor alleles for each trait are
heterogeneous, ranging from large to not significantly different from each other. Many of
the alleles exhibit fitness trade-offs; for example, trade-offs between reduced viability
and increased resistance to starvation and heat stress and between increased resistance to
heat stress but a longer time to recover from chill coma stress. The SNP alleles typically
have effects in the same direction as the null allele, but the SNP allele effects are often
greater than the null allele effects.
Effects of Obp56h SNPs in the DGRP
We previously evaluated the effects of the Obp56h SNPs for a subset of the
organismal quantitative traits evaluated in this study using genome wide association
analyses in the DGRP (Harbison et al. 2013; Huang et al. 2014; Garlapow et al. 2015;
Morozova et al. 2018). This affords us the opportunity to compare the effects of the same
homozygous SNPs in a common genetic background vs. averaged over multiple genetic
backgrounds. In contrast to the large and significant SNP effects observed in CSB, the
effects were small and not significant in the DGRP (Supplementary Table S2.5). This
observation is inconsistent with additive SNP effects and implies the existence of
epistatic modifier loci in the DGRP that on average suppress the effects of the Obp56h
SNPs on organismal phenotypes.
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Effects of Obp56h alleles on micro-environmental variance of organismal phenotypes
Micro-environmental variance (or general environmental variance, Falconer and
Mackay 1996), refers to the phenotypic variation for a quantitative trait that occurs
among individuals of the same genotype when they are reared in a common environment.
We performed formal analyses of variance of micro-environmental variance for Obp56h
alleles (Supplementary Table S2.4) and found that this phenomenon is pervasive: the
micro-environmental variance for all alleles is significantly different from that of CSB for
multiple organismal phenotypes. Changes in micro-environmental variance are allelespecific within each trait and are often sex-specific for each allele. The pleiotropic effects
of Obp56h alleles on micro-environmental variance vary by trait and allele; e.g., microenvironmental variance is largely increased for heat shock survival and largely decreased
for sleep traits. Effects of Obp56h alleles on micro-environmental variance are decoupled
from their effects on trait means: most alleles affect either the mean or the microenvironmental variance for any sex/trait combination, although some alleles affect both
mean and the micro-environmental variance in the same or opposite directions for a given
sex and trait (Supplementary Table S2.4).
Effects of Obp56h alleles on genome wide gene expression
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Figure 2.4 Summary of RNA sequencing analyses of Obp56h alleles. (A) Average
normalized Obp56h expression counts for males (M) and females (F) for all genotypes.
(B) Numbers of differentially expressed genes (FDR < 0.05) for every pairwise
comparison of Obp56h alleles. Females (pink) are above the diagonal and males (blue)
are below the diagonal.
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To investigate the cellular processes that might underlie the observed sexually
dimorphic pleiotropic effects of Obp56h alleles, we obtained whole genome
transcriptional profiles for heads from males and females separately, and identified
differentially expressed genes among the CSB, Obp56h- and Obp56h SNP minor alleles
(Supplementary Tables S2.6 and S2.7). Obp56h expression is obliterated in both sexes in
the Obp56h- null allele compared to CSB and is partially restored in the reinsertion lines
(Fig. 2.4A). At a false discovery rate (FDR) < 0.05, we identified 1,009 (717)
differentially expressed genes in females (males) in any comparison between two alleles
(Supplementary Table S2.7). A total of 406 co-regulated genes are in common between
males and females, 603 are female-specific and 311 are male-specific. Gene set
enrichment analyses (Mi & Thomas, 2009) reveal that differentially expressed genes in
common between males and females and male-specific genes are enriched for terms
involved in mitochondrial function, whereas genes that are only differentially expressed
in females are enriched for terms involving protein translation, transport and localization,
development and signal transduction (Supplementary Table S2.7).
Pairwise comparisons between the genotypes for females and males separately
show that the number of coregulated differentially expressed genes varies greatly among
alleles within each sex and between sexes for each pair of alleles (Fig 2.4B). However, in
general the majority of the co-regulated genes have increased expression in Obp56h5510C,
Obp56h5613C, Obp56h6182T and Obp56h6247A relative to CSB and Obp56h- in both sexes;
while the same genes have decreased expression in Obp56h5849G relative to CSB in males
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and females (Supplementary Table S2.8). This pattern is reversed for a second, smaller
group of co-regulated genes (Supplementary Table S2.8).
We mapped the genes encoding differentially expressed transcripts onto known
protein-protein interaction networks, separately for males (Fig. 2.5) and females (Fig.
2.6). The large network in each sex could be partitioned and clustered into smaller
subnetworks that functionally converge toward oxidative phosphorylation, mitochondrial
translation, circadian cycle, glutathione metabolism, ubiquitin-dependent proteolysis and
cellular response to starvation in males (Fig. 2.5) and cytoplasmic translation, protein
modification and localization, regulation of transport, G-protein coupled receptor
signaling, mRNA splicing, chitin development and histone acetylation in females (Fig.
2.6). Both male and the female networks contained a large subnetwork that was enriched
for electron transport chain and oxidative phosphorylation (Figs. 2.5 and 2.6).
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whether they are cluster seeds (squares), in cluster (circles) or unclustered (diamonds).
Edges represent known protein-protein interactions.
Effects of Obp56h alleles on micro-environmental variation of the transcriptome
We computed the coefficients of variation (CV, standard deviation/mean) across
the replicates from normalized expression counts for each Obp56h SNP minor allele as
well as for CSB and the Obp56h- null allele. We plotted the distributions of CV across all
expressed genes and all genotypes, separately in males and females (Supplementary Fig.
S2.2). The distributions of CV were highly right-skewed; therefore, we chose genes with
median expression above 10 counts per million across all alleles, for which at least one
allele had a CV ≥ 1 and for which the variance heterogeneity analysis across alleles from
Levene’s test had an FDR < 0.05 as contributing significantly to transcriptional microenvironmental plasticity. A total of 246 genes in males and 71 genes in females met these
criteria for at least one variant. Obp56h6247A and Obp56h6182T had the largest number of
transcripts with high micro-environmental plasticity in both sexes, and Obp56h- had the
smallest number of high plasticity transcripts in males and second smallest in females
(Supplementary Table S2.9). Multi-dimensional scaling (MDS) based on the CV values
showed that Obp56h6247A and Obp56h6182T were separated from the other alleles, but on
different axes, indicating that the transcripts associated with high CV were different for
these alleles (Supplementary Fig. S2.3). A total of 36 (50.7%) of the gene affecting
micro-environmental plasticity of the transcriptome in females overlapped the genes
associated with transcriptional micro-environmental plasticity in males. However, there
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was very little overlap between genes affecting the mean and micro-environmental
plasticity of transcript abundances in either sex.
Gene Ontology (GO) enrichment analyses also showed distinct enrichment
categories for Obp56h6247A and Obp56h6182T. Transcripts with high micro-environmental
plasticity in Obp56h6247A males are enriched for terms involving immune response,
response to stress, and lipase activity; whereas in Obp56h6182T males the enrichment was
for transcripts associated with RNA binding, Box C/D RNP complex and the
spliceosomal complex (Supplementary Table S2.9). Similar differences in enriched GO
categories were observed in females but to a lesser extent due to the smaller number of
transcripts with high micro-environmental plasticity (Supplementary Table S2.9). In
addition to protein coding genes, regulatory non-coding transcripts contribute to microenvironmental variation in the transcriptome, especially snoRNAs and tRNAs
(Supplementary Table S2.9).
Discussion
The genetic architecture of quantitative traits inferred from many linkage mapping
and genome wide association analyses in humans (Manolio et al. 2009; Visscher et al.
2017; Yengo et al. 2018) and model organisms, including Drosophila (Flint & Mackay,
2009; Mackay et al. 2009; Mackay & Huang, 2018), is highly polygenic, with large
numbers of genes each with small additive effects, consistent with the infinitesimal
model proposed by Fisher over a century ago (Fisher 1918). The small effects could be
because of imperfect LD between the genotyped variant and the true causal variant (Lai
et al. 1994; Manolio et al. 2009), because the effects are truly small in all genetic
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backgrounds, or because the allelic effects are highly context-dependent and vary
according to sex, environmental conditions and genetic background such that marginal
(additive) effects over all contexts are small (Huang et al. 2020). These possibilities can
only be distinguished by examining the effects of naturally occurring SNPs in a common
genetic background, which is now feasible using advanced germline gene editing
technology (Rautela et al. 2021; Zeballos & Gaj 2021).
We found large effects of five naturally occurring SNPs in Obp56h on a battery of
fitness-related organismal quantitative traits. The effects of the five SNPs varied in
magnitude, and occasionally direction, within each trait, and the pattern of pleiotropic
effects varied across traits. All alleles had sex-specific effects on at least one trait, but the
pattern of sex-specificity was different for each trait/allele combination. There was no
difference in the numbers of significant effects between rare and common variants (P =
0.64, Fisher’s Exact Test), as is typically found in genome wide association analyses
(Manolio et al. 2009; Mackay and Huang 2018); nor between missense and regulatory
variants (P = 0.49, Fisher’s Exact Test). We observed fitness trade-offs at the single
variant level, which imposes an evolutionary constraint on natural selection at this locus
(in the CSB genetic background). The observations that SNP allele effects are usually
greater than those of the null allele and that the effects of the same alleles on the same
traits measured in the DGRP were small and not significant are both consistent with
genetic background effects (epistasis). The phenotypic effects of reduced expression of
genes via RNA interference are often greater than those of null alleles (Rossi et al. 2015;
El-Brolosy & Stainier 2017; Peretz et al. 2018), thought to be due to a compensatory
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mechanism induced only by the null allele. Naturally occurring variants in the DGRP
suppress the effects of new mutations (Yamamoto et al. 2009; Swarup et al. 2013) and
associations of DGRP alleles with quantitative traits vary according to population allele
frequency, a hallmark of epistasis (Greene et al. 2009; Huang et al. 2012; 2020; Mackay
2014; Shorter et al. 2015). The naturally occurring Obp56h variants also affect the microenvironmental variance of multiple organismal quantitative traits. Together, all of these
observations suggest that the small effects of alleles affecting quantitative traits in
genome wide association studies are the consequence of averaging over multiple genetic
backgrounds, males and females, and environmental contexts, and that effects in any one
context may well be large. Although the infinitesimal statistical model fits these data, it
obfuscates the underlying biology.
Most variants associated with quantitative trait variation are non-protein coding
and could thus affect traits by perturbing expression of large genetic regulatory networks
in relevant cell types, in the same way that a mutation in a single gene affecting a
complex trait has quantitative effects on the abundance of many co-regulated transcripts
(Anholt et al. 2003; Magwire et al. 2010; Zwarts et al. 2011), called the transcriptional
niche of the focal gene (Anholt and Mackay 2018; Johnstun et al. 2021). This concept is
related to the omnigenic model of quantitative genetics (Boyle et al. 2017), which
postulates that gene regulatory networks are highly interconnected, such that any variant
in a core gene affecting a particular phenotype expressed in cell types relevant to the
phenotype will affect many co-regulated genes. These concepts provide possible
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molecular bases for the highly polygenic, pleiotropic genetic architecture of quantitative
traits.
This study provides support for these models for naturally occurring SNPs.
Different variants in the Obp56h core gene have widespread trans effects on the
transcriptome that are sex-specific and partially shared and partially distinct among the
different alleles. Missense variants as well as variants in non-coding regions impact the
Obp56h transcriptional niche; the largest number of co-regulated genes in both sexes is
for Obp56h5849G, a rare missense variant. The enrichment of co-regulated genes involved
in mitochondrial function provides a functional explanation for the sex-specific,
pleiotropic effects of Obp56h variants on viability, food consumption, stress resistance,
activity, and sleep traits. Most Obp56h minor alleles affect increased transcription of
mitochondrial genes, consistent with increased starvation and heat stress resistance, and
increased activity and sleep duration. However, the correspondence between
transcriptional co-regulation and organismal phenotypes is not perfect. The Obp56h5849G
allele has decreased expression of co-regulated genes relative to the other alleles, but the
direction of the effects on organismal phenotypes is the same as for the other alleles,
suggesting additional information than transcriptional co-regulation will be needed to
predict effects on organismal phenotypes.
The Obp56h alleles also affect the micro-environmental plasticity of the
transcriptome independent of the allelic effects on mean transcript abundance, providing
a functional explanation for micro-environmental plasticity for organismal phenotypes.
However, the Obp56h6182T and Obp56h6247A alleles, which have the largest number of
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transcripts with significant micro-environmental variance, are not different from the other
alleles in terms of micro-environmental variance of organismal phenotypes, suggesting
additional mechanisms buffer the transcriptome – organismal phenotype relationship.
We chose Obp56h for its favorable properties for CRISPR/Cas9 gene editing and
because previous studies suggested that this gene might have pleiotropic effects on the
transcriptome and organismal phenotypes (Swarup et al, 2011; Swarup et al., 2014;
Shorter et al, 2016). Members of the Obp gene family have been implicated in
chemosensation as carriers of hydrophobic odorants (Sun et al. 2018b; Rihani et al.
2021). In that context, there is differential expression of six other Obp genes (Obp56g,
Obp57a, Obp57b, Obp57c, Obp99b, Obp99c) in males. Our results give further insight
regarding the roles of Obp genes in additional non-chemosensory phenotypes (Arya et al.
2010; Swarup et al. 2014; Shorter et al. 2016; Johnstun et al. 2021). Obp56h is expressed
in the antenna and labellum (Galindo & Smith, 2001) and in cells of the central brain
(Baker et al., 2021; Mokashi et al., 2021). The ligand(s) for Obp56h in the brain are not
known, but could be hydrophobic metabolites, which play a role in fundamental cellular
processes that include mitochondrial metabolism and RNA processing. The extent to
which naturally occurring polymorphisms affect these processes may lead to pleiotropic
fitness phenotypes with different effects in males and females.
Methods
Generation of transgenic lines
The protocols used to generate the Obp56h deletion and allelic reinsertions are
similar to those described previously (Gratz et al., 2014; Gratz et al., 2015; Johnstun et
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al., 2021). Primer details are given in Supplementary Table S2.1. To generate a
CRISPR/Cas9 mediated null allele of Obp56h in a CSB genetic background we designed
two guide RNAs flanking the gene using the Optimal Target Finder online tool (Gratz et
al. 2014) and cloned them into the pU6-Bbs1-chiRNA plasmid. We used the pBS-Hsp70Cas9 plasmid as a source for Cas9 and generated a donor plasmid containing 3XP3driven DsRed flanked by 1kb sequences homologous to the regions flanking the Obp56h
gene. This vector also contains loxP sites flanking the DsRed cassette for subsequent
removal of the cassette, and an attB site for site-specific PhiC31 recombination to
generate the reinsertion lines. We then generated the reinsertion alleles from the Obp56h
deletion (Johnstun et al. 2021). We generated allelic variants of Obp56h via site-directed
mutagenesis in a pattB vector, which contained the CSB variant of the Obp56h gene. To
generate an Obp56h allelic series, plasmids were injected into Obp56h knockout fly
embryos (Model System Injections, Durham, NC).
Fly husbandry
We reared all flies at 25oC, 60-75% relative humidity and 12-hr light-dark cycle
on standard cornmeal-molasses-agar medium. Prior to experimentation, we reared the
flies for two generations at controlled densities (5 males and 5 females per vial allowed to
lay eggs for 2 days). We used 3-5-day old flies for all experiments.
Organismal phenotypes
Viability and sex ratio: We placed 25 males and 25 females into egg collection
cages with grape juice agar. We allowed the flies to acclimatize for 24 hr, with grape
plate changes every 12 hr. After that, we changed the plates every 12 hr and collected 50
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eggs per vial using a blunt moistened micro-probe and placed them in vials with standard
culture medium. We scored the number and sex of flies that emerged until all pupae had
eclosed from each of 10 vials per genotype.
Sucrose consumption: We performed capillary feeding (CAFÉ) assays as
described previously (Ja et al. 2007; Garlapow et al. 2015) with a single fly per vial. We
scored a minimum of 18 flies per genotype and sex.
Starvation stress resistance: We used Drosophila Activity Monitors to measure
starvation stress resistance. We placed one fly per tube containing starvation medium
(1.5% agar in distilled water) and ran the assay for 4 days in accordance with previous
work (Chiu et al., 2010), with a total of 64 flies per sex per genotype. We obtained
activity bout data using Shiny-R DAM (Cichewicz & Hirsh, 2018) and used the time of
last activity bout as the time of death.
Recovery from chill-induced coma: We modified the original protocol for chill
coma recovery assessment (Morgan & Mackay, 2006) to enable us to measure accurately
timepoints of recovery for 20 flies simultaneously by recording videos of the recovery
period. For each genotype, we sorted 20 flies per vial, sexes separately, 4 replicates, into
vials with 2ml food the evening before the assay. On the morning of the assay, we
transferred the flies to empty vials and placed them in an ice bucket filled with wet ice for
3 hr. The ice-anesthesia 3-hr periods were staggered for the genotypes to be assessed on
an assay day to allow us to record videos for approximately 30 minutes per vial. We
gently placed the flies from the ice into wells of a 24-well microtiter plate with 2-5 flies

70

per well for observation on an LED light box (Amazon) under a video camera (Canon).
We recorded the flies for 30 min to determine how long it takes for each fly to right itself.
Response to heat shock: The day before measuring the response to heat shock,
flies of each genotype were lightly anesthetized with CO2 and sorted in single-sex groups
of 20 individuals in standard vials containing 5 ml food. On the day of the heat stress
exposure, flies from each replicate vial were transferred without anesthesia into vials
without food and placed in an incubator at 37°C (±0.5°C) for 180 min. After heat stress
exposure, flies were immediately transferred to vials containing 5 ml of standard
cornmeal-agar-molasses medium and returned to the 25oC incubator for 24 h. The
percentage of surviving flies per vial was recorded 24h after the 3 hr heat shock. A fly
was considered alive if it could move when the vial was gently tapped. We performed
five replicates per genotype and sex.
Activity and sleep: We assessed total activity and proportion of sleep during the
day and night (Shaw et al. 2000; Hendricks et al. 2000) using Drosophila Activity
Monitors (TriKinetics). We ran the assay in accordance with previously published work
(Chiu et al., 2010) and recorded data for 5 days on at least 64 flies per sex per genotype.
We processed the initial data using Shiny-R DAM (Cichewicz & Hirsh, 2018).
Statistical analyses: For phenotypes for which measurements were obtained for
both sexes, we assessed mean differences among the genotypes using factorial, fixed
effects ANOVA models for all seven genotypes: Y = µ + Genotype + Sex +
Genotype×Sex + ε, where Y is the phenotype, µ is the overall mean and ε is the residual
(error) variance. For viability and sex ratio, we ran the reduced ANOVAs Y = µ +
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Genotype + ε. We also performed t-tests to identify the genotypes which were
significantly different from the CSB control (planned comparisons). All analyses were
performed using SAS Studio release 3.71 (SAS Institute, Cary, NC). To assess microenvironmental variance, we performed Levene’s and Brown- Forsythe tests of
heterogeneity of within line variance, separately for males and females (Morgante et al.
2015) for all seven genotypes, and for pairwise comparisons between Obp56h alleles and
CSB.
RNA sequencing
To prepare libraries for RNA sequencing we collected 3-4 replicates of 50 flies,
sexes separately, between 1pm and 3pm and flash froze them on dry ice in 15 ml Falcon
tubes (Thermo Fisher Scientific, Waltham, MA). The flies were decapitated using a
strainer (Carolina Biological Supply Company, Burlington, NC) for head collections
(Jensen et al. 2013). The heads were collected on a dry ice-cooled fly pad and placed in
2ml pre-filled tough microfuge tubes with glass beads. Total RNA was extracted using
the Direct-Zol microprep kit RNA extraction protocol (Zymo Research, Irvine, CA). The
heads were homogenized in a bead mill (Thermofisher) for 1 min at 4m/s, after which the
RNA was eluted with 15 μL water. We depleted ribosomal RNA using the NuQuant
+UDI, Drosophila AnyDeplete kit (Tecan, Männedorf, Switzerland) and prepared barcoded cDNA libraries for sequencing on an S1 flow cell on the NovaSeq 6000 platform
(Illumina, San Diego, CA) as described previously (Johnstun et al. 2021).
Analysis of RNA sequences
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We performed the initial steps of raw read processing and normalization of
expression as previously described (Johnstun et al. 2021). Briefly, we used the AfterQC
pipeline (Chen et al. 2017) to trim adapters, detect abnormal polynucleotide sequences,
filter for low quality (Q < 20) and short (<35 nt) sequence reads and generate of basic
sequence quality metrics. We used the bbduk command from the BBTools package
(Bushnell 2018) to detect rRNA contamination. We aligned high-quality sequence reads
to the Drosophila melanogaster reference genome release 6 (version 6.13) (Wu & Nacu
2010) and mapped unique alignments to genes. We excluded genes with fewer than 25%
nonzero read counts or a median count of <2 from further analyses. We used GeTMM
(Smid et al. 2018) to normalize filtered expression counts. We ran ANOVAs across all
seven genotypes (Y = µ + Genotype + ε) separately for males and females for each
expressed transcript using PROC GLM in SAS Studio release 3.71 (SAS Institute, Cary,
NC) to identify genes with significant (Benjamini–Hochberg FDR < 0.05) differential
expression. We ran individual contrast statements for pairwise comparisons and then
filtered them to only include genes that passed FDR in the overall model. We performed
Gene Ontology analysis by statistical overrepresentation tests using PantherDB (Mi &
Thomas, 2009). We generated protein-protein interaction networks from all differentially
expressed genes (sexes separately) using the StringApp plugin of Cytoscape 3.8.2
followed by MCODE (Bader & Hogue 2003) analysis to identify clusters of subnetworks.
Functional annotation of the subnetworks was accomplished by performing Gene
Ontology enrichment analysis on the membership. Labels were derived from GO
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biological processes with statistically significant enrichment (Benjamini–Hochberg FDR
< 0.05).
Analysis of transcriptional micro-environmental plasticity was performed by first
calculating the coefficient of variation (CV) across the replicates for each allele,
separately for males and females, which showed that genes for which CV ≥ 1 were in the
extreme right tail of the distribution. We also determined FDR values for Levene’s test of
variance heterogeneity for estimates of between-replicate variance across all genotypes
for each expressed gene, separately for males and females. Significant genes for
transcriptional micro-environmental plasticity were those for which CV ≥ 1 for at least
one allele, Levene’s test FDR for the gene < 0.05; and median normalized expression
across all genotypes was 10 or greater counts per million. Multivariate ordination
analysis was performed on the CV values of these genes for males and females separately
using the cmdscale function that is part of the stats package in R. We also performed
Gene Ontology enrichment analyses by allele and overall, for co-regulated genes passing
these criteria, separately for males and females.
Data availability
RNA sequence data have been deposited in the GEO data repository under
accession number GSE178635. All code and raw data are available at
https://github.com/snehamokashi/Systems_genetics_of_SNPs_at_Obp56h
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Introduction
Gene duplication followed by functional diversification represents a major
mechanism for genome evolution, especially the evolution of large multigene families
(reviewed by Long et al. 2013), such as chemoreceptors (Robertson et al. 2003; Croset et
al. 2010; Hughes et al. 2018; Anholt 2020) and detoxification enzymes (Sezutsu et al.
2013; Good et al. 2014). In addition to subfunctionalization and neofunctionalization
(Hahn 2009), multigene families may harbor functional redundancy, and this may
account, in part, for the observation that functionally redundant multigene families may
provide robustness to the transcriptome in the face of changing environmental conditions
(Zhou et al. 2012).
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Insect odorant binding proteins (OBPs) provide an example of a rapidly evolving
multigene family (Sánchez-Gracia et al. 2009; Vieira and Rozas 2011). OBPs are small,
secreted proteins with diverse amino acid sequences mostly characterized by six
conserved cysteines (Hekmat-Scafe et al. 2002; Pelosi et al. 2014). Members of this
family have been implicated in responses to pheromones (reviewed by Stengl 2010) and
host plant odorants (reviewed by Anholt 2020). In Drosophila melanogaster, most of the
52 Obp genes occur in clusters distributed across the three major chromosomes, likely
due to repeated tandem gene duplication. Behavioral (Swarup et al. 2011) and
electrophysiological (Scheuermann and Smith 2019) studies have implicated several of
these OBPs in modulating responses to odorants, although simultaneous CRISPR
excision of four OBPs that are prominently expressed in the antenna did not affect
electrophysiological responses upon exposure to odorants (Xiao et al. 2019). Whereas
OBPs were thought to be primarily associated with olfactory responses (Pelosi et al.
2014; Larter et al. 2016), expression of OBPs in non-chemosensory tissues (McGraw et
al. 2004; Findlay et al. 2008) suggests that some members of this family have evolved to
acquire different functions. Association studies in wild derived lines of the Drosophila
melanogaster Genetic Reference Panel (Mackay et al. 2012; Huang et al. 2014) identified
two polymorphisms in Obp19d that were associated with lifespan (Arya et al. 2010). In
addition, Obp8a and Obp19c are highly expressed in the male accessory gland and
Obp19c is also expressed in ovaries (Findlay et al. 2008). Gene ontology enrichment
analyses of coregulated transcripts revealed that transcripts associated with variation in
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Obp19c (designated as its “transcriptional niche”) implicate oviposition and post-mating
behavior (Arya et al. 2010).
Here, we report the genetic dissection of the Obp50a-d cluster of D.
melanogaster. We selected this cluster because its organization is compact without
intervening genes, its CRISPR-mediated excision results in viable offspring, and the
functions of the four paralogs contained within this cluster are unknown. Members of this
cluster show sexually dimorphic expression (Zhou et al. 2009) and in males are expressed
at highest levels in testes (Roy et al. 2010; Hu et al. 2017; Leader et al. 2018; Thurmond
et al. 2019), suggesting that paralogs of the Obp50 family may have acquired functions
that are unrelated to chemoreception.
We excised the Obp50a-d cluster using CRISPR/Cas9 technology while
introducing a PhiC31 viral integration site at the endogenous locus. This enabled us to
reinsert versions of the cluster in which all four, none, or one of the paralogs were intact
while the rest were rendered inactive through the introduction of premature termination
codons. This in turn enabled us to isolate the functions of each paralog while accounting
for their functional redundancy, quantify the extent to which they had diverged in
function, and measure the magnitude and direction of epistatic interactions among them.
Results
Generation of an Obp50a-d knock-out line and reinsertion of individual functional
paralogs at their endogenous location
We generated transgenic lines in the Canton S (B) genetic background to
functionally dissect the Obp50a-d gene cluster. First, we used CRISPR/Cas9 in
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conjunction with a homology-directed repair template to replace the wild-type Obp50a-d
cluster with an attP-LoxP-DsRed-LoxP cassette (Gratz et al. 2014) (fig. 3.1A,
supplementary table S3.1 and supplementary data file 3.1). We then used the integrated
attP site to introduce eight pattB-Obp50ad-LoxP plasmids, each with a unique version of
the cluster (fig. 3.1B), into the endogenous locus (fig. 3.1A). We obtained 26
“reinsertion” lines of these eight genotypes (supplementary table S3.2 and supplementary
data file 3.2). This resulted in genotypes in which all, none, or one of the paralogs were
functionally intact.
To account for possible redundancy between paralogs, the genotypes were
designed to determine which functions each was sufficient to perform when all others
were inactivated. In most cases, genes were inactivated via two consecutive premature
termination codons (PTCs; “-” allele) early in their coding sequence. However, because
the start codon of Obp50c is internal to the Obp50b/c bicistronic transcript, introducing
PTCs into Obp50b could jeopardize the expression of Obp50c, since nonsense-mediated
decay could degrade the transcript (Hug et al. 2015) or impede translation initiation of
Obp50c. Therefore, we generated another genotype with a functional Obp50c (Obp50abCDc+d-) in which Obp50b was inactivated by substitution mutations (“CD” allele) in four
conserved cysteines (C68S, C72S, C148S and C158S) and a conserved alanine (A152P).
As the functional consequences of amino acid substitutions in these conserved residues
are unknown, we generated an additional genotype (Obp50a-bCDc-d-) with these same
mutations.
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Although PhiC31 transgenesis causes the pattB plasmids to be integrated in their
entirety, including the 7 kb backbone, the rearrangement of the multiple cloning site and
existing loxP sequence (Bischof et al. 2013) allows virtually all extraneous sequence to
be removed while leaving the reinserted Obp50a-d cluster intact by crossing positive
transformants to a Cre-expressing line (fig. 3.1A, supplementary figs. S3.1-S3.2). The
Obp50a-d cluster is especially amenable to this strategy, since orientation of the Obp50a
and Obp50d genes is such that the remaining 61 bp and 39 bp of extraneous sequence upand downstream of the cluster, respectively, are past the 3’ ends of all adjacent genes and
are, therefore, less likely to interfere with any promoter or regulatory sequence (Roy and
Singer 2015) (fig. 3.1).

Fig. 3.1. Schematic of genome editing strategy used to generate reinsertion lines. (A)
Replacement of the Obp50a-d cluster. Cas9 was directed to induce double-stranded
breaks (DSBs) on either side of the Obp50a-d cluster in the wild-type genome (Ia) while
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a pDsRed-attP repair template containing homology to either side (Ib) was co-injected,
enabling homology-directed repair to replace the cluster with the attP-LoxP-DsRed-LoxP
cassette. A single nucleotide substitution in each protospacer adjacent motif (PAM) was
necessary to prevent Cas9 from cleaving the template, which resulted in CG34444
G233A and CG34185 G113A substitutions. Positive transformants (IIa) were crossed to a
PhiC31 integrase-expressing line and injected with pattB-Obp50ad-LoxP-white+ vectors
containing modified versions of the Obp50a-d cluster (IIb), which integrated in their
entirety into the attP locus. The resulting chromosome (III) was passed through a Creexpressing line to eliminate the more than 7kb of unwanted sequence between the three
unidirectional LoxP sites, leaving only a 60-bp attR and 34-bp LoxP flanking the
reinserted cluster at the 3’ ends of all adjacent genes (IV). (B) Construction of pattB
vectors with the 8 reinsertion genotypes. After cloning the wild-type (“+” allele) Obp50ad cluster (top) into the multiple cloning site (MCS) of the pattB-MCS-LoxP-white+
vector, a series of site-directed mutagenesis reactions (grey arrows) were performed to
either inactivate paralogs with premature termination codons (PTCs; “-” allele) or induce
missense mutations in four conserved cysteines and a conserved alanine in Obp50b
(“CD” allele). Exons of Obp50a-d paralogs are colored to indicate whether the respective
gene is functional (green), inactivated by PTCs (red), or has four conserved cysteines and
an alanine substituted (yellow). The substituted cysteines correspond to C2, C3, C5, and
C6 from Hekmat-Scafe et al. (2002). Red outlines indicate the final vectors which
produced the 8 reinsertion genotypes.
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Phenotypic effects of Obp50a-d paralogs show functional diversification
in females and redundancy in males
In contrast to many members of the Obp gene family, which function in
chemosensation, Obp50 paralogs are expressed in metabolic tissues and male
reproductive organs (supplementary data file 3.3). We examined a range of metabolic and
reproductive phenotypes to assess functional diversification of the Obp50a-d cluster. We
did not observe significant differences between the Obp50a+b+c+d+ and Obp50a-b-c-dgenotypes for chill coma recovery time, startle response, or copulation latency or duration
(supplementary table S3.3). We did observe a significant difference between these
genotypes for starvation resistance of mated females, such that the flies which possessed
a fully intact Obp50a-d cluster (genotype Obp50a+b+c+d+) were significantly more
sensitive to starvation stress than the complete knockout Obp50a-b-c-d- (p < 0.0001, n ≥
89 flies/line, logistic regression) (supplementary data files 3.4-5). Repeating the
experiment with all eight genotypes (supplementary data files 3.4-5) confirmed the
difference between the Obp50a+b+c+d+ and Obp50a-b-c-d- genotypes (p = 0.0004, n ≥ 49)
and showed an almost identical difference between Obp50a-b-c-d+ and Obp50a-b-c-d- (p =
0.0005, n ≥ 49; fig. 3.2A). Obp50a+b+c+d+ and Obp50a-b-c-d+ had nearly equivalent
mean survival times (44.6 and 44.7 h, respectively) and were not significantly different
from each other (pHolm = 1, n ≥ 50), which indicates that the difference in resistance to
starvation stress between the intact and deleted Obp50a-d cluster could be attributed to a
functional Obp50d allele, as no other comparisons were significant.
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Virgin females yielded similar results, except that the Obp50a-b-c+d- genotype
was more resistant to starvation compared to Obp50a-b-c-d- (p < 0.0001, n ≥ 33; fig.
3.2B). Obp50a-b-c+d- also survived longer than Obp50a-bCDc+d- virgin female flies (pHolm
< 0.0001, n ≥ 28). As no difference was seen between the Obp50a-bCDc-d- and Obp50a-bc-d- genotypes (pHolm = 1, n ≥ 29), these results suggest an epistatic interaction between
the functional Obp50c gene and the Obp50bCD allele, and that this interaction depends on
both sex and mated status.
The Obp50a+b+c+d+ genotype also differed significantly from Obp50a-b-c-d- in
the mated male starvation stress resistance assay (p = 0.0457, n ≥ 49), but in males
Obp50a+b+c+d+ was the most resistant genotype, in contrast to the results seen in females
(fig. 3.2C). Moreover, Obp50a-b-c-d+ was significantly different from Obp50a+b+c+d+
(pHolm = 0.0411, n ≥ 50) and had the lowest mean survival time of all the genotypes, but
was not significantly different from Obp50a-b-c-d- (p = 0.1652, n ≥ 49).
To test whether the observed differences in starvation resistance could be
accounted for by a greater investment in reproduction-related processes (Harbison et al.
2004; Wayne et al. 2006), we maintained vials in which mated females were allowed to
lay eggs overnight before being submitted to starvation and counted their adult progeny.
There was no correlation between starvation resistance and fecundity (p = 0.2412, Sum of
Squares = 325.8, F ratio = 1.38, Ordinary Least Squares test, n ≥ 7 vials/line). We also
assessed whether increased starvation resistance might be due to differences in larval fat
content (Chippindale et al. 1996; Djawdan et al. 1998; Aguila et al. 2007) using a
buoyancy assay on wandering stage larvae (Hazegh and Reis 2016), but found no
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significant correlation between genotype and inferred larval fat content (p = 0.4801, n = 6
vials/line; Table S3.3).
In addition to antagonistic effects between males and females on resistance to
starvation stress, we observed differences in sex ratio among the genotypes as measured
by the percent of female offspring (fig. 3.2D) (supplementary data files 3.4 and 3.6). The
Obp50a+b+c+d+ genotype had the highest percent of females (46%) and differed
significantly from Obp50a-b-c-d- (32%, p < 0.0001, n ≥ 4 vials/line). The female sex ratio
of Obp50a+b-c-d- (42%) was also significantly different from Obp50a-b-c-d- (p < 0.0001,
n ≥ 4) but not from Obp50a+b+c+d+ (pHolm = 0.4631, n ≥ 4), indicating that the reinsertion
of intact Obp50a was sufficient to restore a nearly normal sex ratio. Obp50d had the
opposite effect; however, as Obp50a-b-c-d+ produced even fewer females than Obp50a-bc-d- (20%, p = 0.0085, n ≥ 3). Given that the number of adult progeny in each vial
correlated significantly with the percent of females (p < 0.0001) and most (108/125,
86%) vials had fewer females than males, we concluded that differences in sex ratio were
attributed to differences in female survival during development.
Although the reinsertion of a functional Obp50c did not increase the proportion of
females when Obp50b was inactivated with PTCs (34%, p = 0.1764, n ≥ 4), it decreased
the female/male sex ratio in the presence of the Obp50bCD allele (pHolm = 0.0206, n ≥ 4).
Since Obp50a-bCDc-d- had a higher percentage of females than Obp50a-b-c-d- (38%, pHolm
= 0.0041, n ≥ 4), Obp50bCD partially restored the sex ratio in the absence of Obp50c. This
implies an antagonistic relationship between Obp50c and Obp50bCD and indicates that
Obp50bCD may have residual or altered function.
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For each of the above phenotypes, the extent of functional diversification between
the four paralogs was determined by testing for differences between the Obp50a+b-c-d-,
Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes, with the null hypothesis
that the four paralogs were functionally similar, or redundant. These tests showed the
paralogs to have diverse effects on female starvation resistance (mated: p = 0.0002, n ≥
25 flies/line; virgin: p < 0.0001, n ≥ 27) and sex ratio (p < 0.0001, n ≥ 3 vials/line), while
having redundant effects (p = 0.1392, n ≥ 49 flies/line) on male starvation resistance.
If the paralogs have additive phenotypic effects, we expect that the effect of the
full Obp50a-d cluster (estimated by the difference between the Obp50a+b+c+d+ and
Obp50a-b-c-d- genotypes) will equal to the sum of the effects of the individual paralogs
(which were each estimated by the difference between Obp50a-b-c-d- and the respective
single paralog reinsertion genotype, whether Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-bc+d-, or Obp50a-b-c-d+). Epistasis occurs if this is not the case. We inferred that the
effects of the paralogs were additive in each of these assays, with p-values of 0.6965 (n ≥
25 flies/line), 0.2087 (n ≥ 27), 0.1194 (n ≥ 49), and 0.087 (n ≥ 3 vials/line) for mated
female, virgin female, and male starvation resistance, and sex ratio, respectively.
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Fig. 3.2. Obp50a-d genes show sex-specific functional diversification in starvation
resistance and sex ratio. (A-C) Plots of % surviving over time (left) and average time of
death versus genotype (right) of mated (A) and virgin (B) females and mated males (C)
under starvation conditions. The horizontal dashed red line indicates 50% surviving.
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Vertical grey lines indicate observation times. Error bars are SEM. (D) Plot of % female
offspring. Dots indicate independent vials in which flies of the respective genotype were
allowed to lay eggs, where the opacity corresponds to the number of adult progeny which
emerged from the respective vial. Black horizontal bars indicate the mean % female of
the respective genotype’s vials weighted by the number of adult offspring per vial.
Horizontal dashed red line indicates 50% female.

Transcriptional profiling of the Obp50a-d reinsertion lines shows coregulated transcripts
expressed in the pupal fat body and male reproductive tissues
We next performed transcriptome profiling to assess to what extent reinsertion of
the Obp50a-d paralogs affects their “transcriptional niches,” defined as the coregulated
ensembles of differentially expressed genes (DEGs) upon altered expression of a focal
paralog or set of paralogs (Arya et al. 2010) (data files 3.4 and 3.7-11). We performed
RNAseq on whole flies and examined contrasts between the full cluster knockout
(Obp50a-b-c-d-) and each of the four single paralog reinsertion genotypes (Obp50a+b-c-d-,
Obp50a-b+c-d-, Obp50a-b-c+d-, Obp50a-b-c-d+) as well as the genotype with a fully intact
Obp50a-d cluster (Obp50a+b+c+d+) to estimate the corresponding transcriptional niches
within each sex. (Obp50a-bCDc+d- and Obp50a-bCDc-d- were not compared to estimate the
transcriptional niche of Obp50c for reasons discussed below.) An FDR threshold of 0.05
was used to determine significance. We observed pronounced sexual dimorphism, with
most effects on gene expression in males (fig. 3.3A, supplementary fig. S3.4). There were
only seven DEGs in all five female transcriptional niches combined, all of which were
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up-regulated in the presence of their respective paralogs. The male transcriptional niches
were larger, with Obp50a-d having the most coregulated transcripts (226, 92%
upregulated), followed by Obp50a (114, 93% upregulated), Obp50c (88, 75%
upregulated), Obp50d (21, 90% upregulated), and Obp50b (3, 100% upregulated).
Based on MODEncode data, genes belonging to transcriptional niches of Obp50
paralogs in males were enriched for expression in the testes, accessory glands, imaginal
disc, and pupal and pre-pupal fat body, with some notable expression in the digestive
system (fig. 3.3B, supplementary data file 3.12). Since this pattern mirrors the reported
expression of the Obp50a-d paralogs themselves (supplementary data file 3.3), these
observations confirm that promoters and regulatory regions were not disrupted.
We next assessed the effect of the Obp50bCD allele (supplementary fig. S3.4B).
While both Obp50a-b+c-d- and Obp50a-bCDc-d- had minimal effects compared to Obp50ab-c-d- (supplementary fig. S3.4B top, middle), a comparison between them revealed 47
DEGs in females and 141 in males (15% and 59% of which were upregulated in Obp50ab+c-d-, respectively; fig. S3.4B bottom). This indicated that the point mutations
introduced in Obp50bCD result in changes in the gene’s transcriptional niche. We
therefore deem the comparison between the Obp50a-b-c+d- and Obp50a-b-c-d- genotypes
to be a better estimate of the function of Obp50c than the comparison between Obp50abCDc+d- and Obp50a-bCDc-d-.
We also examined the differences between the transcriptional niches of Obp50bCD
and Obp50c (fig. S3.4C). Obp50bCD reduced by half the number of DEGs attributable to
Obp50c in males (from 88 to 44) and shifted the percent of up-regulated genes in the
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presence of Obp50c from 75% to 14% (fig. S3.4C top right, middle right). This implies
that the magnitude and direction of the effects of Obp50c depend on Obp50bCD.
Moreover, the effect of Obp50bCD in males depends on an intact Obp50c, as many more
DEGs are attributable to its function when an intact Obp50c is present (234, 12% of
which were upregulated; fig. S3.4C bottom right) compared to a dysfunctional allele (1,
which was upregulated; fig. S3.4B middle right). This evidence of an active effect of the
Obp50bCD allele on the transcriptome further justifies our decision not to use Obp50bCD
as a proxy for an inactive Obp50b. In females, however, the effects of Obp50bCD and
Obp50c could not be compared due to the almost complete lack of DEGs in any of these
contrasts (fig. S3.4B middle left, fig. S3.4C left).
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Fig. 3.3. Obp50a-d paralogs selectively up-regulate male transcripts expressed in
reproductive and metabolic tissues. (A) Volcano plots of female (left) and male (right)
contrasts between select genotypes (indicated by the schematic chromosomes) and the
Obp50a-b-c-d- genotype in which all paralogs have been inactivated. Black dots represent
genes which did not pass the FDR threshold of 0.05; blue and red dots represent genes
which were significantly down- and up-regulated in the presence of the functional
paralog(s), respectively, collectively comprising the corresponding paralog(s)’
“transcriptional niche”. (B) Tissue expression heatmaps constructed from modENCODE
RNAseq data of male differentially expressed genes from panel (A). The corresponding

95

transcriptional niche for each heatmap is indicated on its right. Colors correspond to the
read count bins in the key below.

Analysis of transcriptional niches reveals functional redundancy,
diversification, and epistasis among paralogs
We quantified the extent of redundancy versus diversification among the Obp50ad paralogs by testing for a difference in expression between the Obp50a+b-c-d-, Obp50ab+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes for each of the genes which
belonged to at least one of the five transcriptional niches. Overlapping effects of paralogs
on their respective transcriptional niches reflects redundancy, whereas distinct
transcriptional niches is considered indicative of diversification. We assessed differences
in the expression of transcripts between the Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-b-c+d, and Obp50a-b-c-d+ genotypes (fig. 3.4, supplementary fig. S3.5 and supplementary data
file 3.14), separately by sex. We used an FDR cutoff of 0.05 to define genes on which the
Obp50a-d paralogs had redundant (FDR ≥ 0.05) or functionally diverse (FDR < 0.05)
effects.
To address the possibility that the effects of the paralogs could appear redundant
merely due to low statistical power, we sought to quantify the variance between the
effects of the four paralogs on the expression of each gene, with lower variance between
their effects corresponding to greater functional redundancy. For each of these
transcriptional niche genes we calculated the coefficient of variation (CoV) of the least
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squares means of the four genotypes used in the test for functional diversification, with
CoV being defined as the ratio of the standard deviation to the mean.
The paralogs had redundant effects on the vast majority (326, 95%) of the 344
male transcriptional niche genes, and 224 (65%) had a CoV < 0.2 (fig. 3.4A,
supplementary fig. S3.5A right); in females, these values were 1/7 (14%) and 0/7,
respectively (supplementary fig. S3.5A left). CG13177 is the extreme outlier in the
Obp50d transcriptional niche of both females and males and is the only gene common to
a transcriptional niche in both sexes. In males, its CoV was 1.47, more than twice that of
the next nearest gene, and in females it had the highest CoV, as well as the most
significant p-value. CG13177 encodes a transcript of unknown function expressed in the
digestive system. A BLASTn search (Zhang et al. 2000) reveals alignment of CG13177
with predicted neuropeptide-like proteins 30 and 31 in related Drosophila species
(supplementary data file 3.15).
Transcriptional niche genes for which the paralogs had epistatic effects were
defined as noted above: the effect of the full Obp50a-d cluster deviated significantly
(FDR < 0.05) from the sum of the effects of the individual paralogs (supplementary data
file 3.14). This was estimated separately for each transcriptional niche gene by comparing
the difference between the expression of the Obp50a+b+c+d+ and Obp50a-b-c-dgenotypes to the sum of the differences between the expression of Obp50a-b-c-d- and each
of the Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes. We
divided epistasis into “enhancing” and “suppressing” categories, enhancing when the
effect of the complete intact cluster was greater than the sum of the effects of the
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individual paralogs, and suppressing when the effects of individual paralogs exceeded
that of the full cluster. The Obp50a-d paralogs had epistatic effects on 61 (18%) of the
344 male transcriptional niche genes, 14 (23%) of which were enhancing and 47 (77%)
were suppressing (fig. 3.4B, supplementary fig. S3.5B right). Epistatic effects were
detected in 5/7 (71%) of female transcriptional niche genes, all but one of which (80%)
were suppressing (fig. S3.5B left). CG13177 was an extreme outlier in this regard as well
in both females and males.
To examine the relationship between the redundancy/diversification and
additivity/epistasis axes, we plotted the estimates of their effect sizes (i.e., CoV and
deviation from additivity, respectively; fig. 3.4C-D, supplementary fig. S3.5C) against
their statistical significance (fig. 3.4E-F, supplementary fig. S3.5D) (supplementary data
file 3.14). In males, the approximately symmetrical distribution of CoV (fig. 3.4C-D)
indicated that there was no clear dependence of CoV on the direction of epistasis. Most of
the effects of the paralogs in males were both redundant and additive, accounting for 266
(77%) of the 344 transcriptional niche genes, with -log10(p) values concentrated in the
areas of high redundancy and additivity, well below the statistical significance threshold
(fig. 3.4E-F, supplementary fig. S3.5D). Of note is the extent to which the areas of
maximal redundancy and additivity are enriched for the Obp50a-d transcriptional niche
genes (bottom left corner of fig. 3.4E), consistent with their disproportionate occupation
of areas of low CoV and small deviations from additivity (fig. 3.4C). The remaining male
effects were almost all either redundant and epistatic (60/344, 17%) or additive and
divergent (17/344, 5%). The sole gene on which the paralogs exerted both divergent and
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epistatic effects was CG13177 (supplementary fig. S3.5C-D right). This pattern is
reversed in females, with the paralogs not having redundant and additive effects on any
genes, redundant and epistatic effects on a single gene (14%), divergent and additive
effects on 2/7 (29%) genes, and divergent and epistatic effects on 4/7 (57%) genes
(supplementary fig. S3.5D left).
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Fig. 3.4. Male transcriptional niches of Obp50a-d paralogs demonstrate considerable
redundancy and additivity. (A) Plot of each gene’s -log10(p) in the test for functional
diversification (ANOVA model 𝑌 = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 + 𝐿𝑖𝑛𝑒(𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒) + 𝜀 of the
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Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes, in which 𝑌
is observed expression), versus the coefficient of variation between the least squares
means of these genotypes’ expression. Larger values of -log10(p) indicate increasingly
significant diversification. (B) Plot of each gene’s -log10(p) versus estimate in the test for
epistasis (see Materials and Methods). Larger values of -log10(p) indicate increasingly
significant epistasis. (C) Plot of coefficient of variation from (A) versus the epistasis
estimate from (B). (D) Density plot of (C). (E) Plot of -log10(p) from (A) versus -log10(p)
from (B). (F) Density plot of (E). The solid red line indicates FDR = 0.05. The dashed red
line indicates a coefficient of variation of 0.2, and the dashed grey line indicates a
deviation from additivity of 0. For clarity, the extreme outlier CG13177, belonging to the
Obp50d transcriptional niche, is not shown (for all genes and both sexes see
supplementary fig. S3.5).

We constructed co-expression networks for the Obp50a, Obp50c, and Obp50d
male transcriptional niche genes separately (fig. 3.5A-C; Obp50b had too few genes in its
niche for construction of an independent network), as well as for all transcriptional niche
genes together (fig. 3.5D, supplementary data files 3.16-17). Consistent with previous
results, most genes in the networks were up-regulated in the presence of at least one
intact paralog (see fig. 3.3). Of the genes common to more than one transcriptional niche,
virtually all agreed in their direction; accordingly, most correlations between genes were
positive.
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There is substantial overlap between the Obp50a-d niche and that of Obp50a
(26/30, 87%) and Obp50d (13/19, 68%) in the respective networks (fig. 3.5A, C),
consistent with the finding of extensive redundancy and additivity between these paralogs
(see fig. 3.4). This is in contrast to Obp50c, whose overlap with Obp50a-d was less
extensive (15/68, 22%) and unevenly distributed within its network (fig. 3.5B). This
uneven distribution of overlap is suggestive of subnetworks with discrete levels of
redundancy and diversification. The uniqueness of Obp50c can be clearly seen in the full
network (fig. 3.5D), in which all Obp50c transcriptional niche genes are confined to a
single region.
Concordant with the tissue expression and gene ontology results (see fig. 3.3B),
the networks consisted of accessory proteins, seminal fluid proteins, male-specific
transcripts, and other genes with known functions in male reproduction. Accordingly,
notable hub genes, defined as being in the top 10% of network genes with the most
significant correlations (i.e., edges), are all expressed in the male accessory gland or
testes, including Acp62F (fig. 3.5A), Mst36Fb (fig. 3.5B), Dup99B (fig. 3.5C-D), and
Gpo2 (fig. 3.5C).
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Fig. 3.5. Co-expression networks of male Obp50a (A), Obp50c (B), Obp50d (C), and
Obp50a, -b, -c, -d, and Obp50a-d (D) transcriptional niches (see fig. 3.3). Node fill color
indicates membership in the corresponding transcriptional niche (see fig. 3.4). Node
border color indicates whether the gene is up- (red) or down- (blue) regulated compared
to Obp50a-b-c-d- in the niche(s) to which it belongs; purple indicates that the gene is up-
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regulated in one and down-regulated in another. Edge color indicates positive (red) or
negative (blue) correlation between genes, with the strength of the correlation
proportional to the edge width. Gene labels of nodes with the most edges (top 10%) are
bolded. See also Table S3.4, which summarizes the number of genes common to all
networks (redundancy), as well as the number of genes that are specific to each paralog
network (diversification).

We also constructed co-expression networks of the male transcriptional niche
genes on which the Obp50a-d paralogs had redundant, diverse, additive, and epistatic
effects (fig. 3.6A-D, respectively; see supplementary data files 3.16-17). The redundant
and additive networks were similar in structure and content to each other and to the
network of all transcriptional niche genes (fig. 3.5D, supplementary Table S3.4). This is
consistent with the previous finding that the paralogs exerted redundant and additive
effects on most genes (see fig. 3.4). Genes within the Obp50a-d niche were notably more
prevalent in the redundant (46/62, 74%) and additive (45/62, 73%) networks compared to
the diversified (6/17, 35%) and epistatic (14/29, 48%) networks. Hub genes included
Dup99B, Acp54A1, Sfp53D, and Gpo2 (fig. 3.6A, C), Ntf-2r (fig. 3.6B), and w-cup (fig.
3.6D), again all expressed in male reproductive organs.
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Fig. 3.6. Co-expression networks of male transcriptional niche genes on which the
Obp50a-d paralogs have redundant (A), diverse (B), additive (C), and epistatic (D)
effects. Node fill color indicates membership in the corresponding transcriptional niche
(see fig. 3.4). Node border color indicates whether the gene is up- (red) or down- (blue)
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regulated compared to Obp50a-b-c-d- in the niche(s) to which it belongs; purple indicates
that the gene is up-regulated in one and down-regulated in another. Edge color indicates
positive (red) or negative (blue) correlation between genes, with the strength of the
correlation proportional to the edge width. Gene labels of nodes with the most edges (top
10%) are bolded. See also Table S3.4, which summarizes the number of genes common
to all networks (redundancy), as well as the number of genes that are specific to each
paralog network (diversification).
Discussion
Gene duplications relieve evolutionary constraints on daughter genes, thereby
allowing rapid expansion of large multigene families, such as the cytochrome P450
family dedicated to detoxification of xenobiotics (Sezutsu et al. 2013; Good et al. 2014)
and families of chemoreceptors for the localization of food, predators, and mating
partners (Robertson et al. 2003; Croset et al. 2010; Hughes et al. 2018; Anholt 2020).
Insect odorant binding proteins are a diverse family of proteins, initially discovered as
pheromone binding proteins (Vogt and Riddiford 1981) and annotated based on
conservation of cysteine residues (Hekmat-Scafe et al. 2002). Whereas odorant binding
proteins are implicated in olfaction, presumably by transferring hydrophobic odorants to
their membrane-bound receptors, several members of the Obp family have functions
other than chemoreception (Maleszka et al. 2007; Findlay et al. 2008; Takemori and
Yamamoto 2009; Costa-Da-Silva et al. 2013; Heavner et al. 2013; Ishida et al. 2013;
Marinotti et al. 2014; Wang et al. 2015; Zhu et al. 2016; Sun et al. 2018; reviewed in
Pelosi et al. 2018). Gene products of the Obp50 cluster are expressed in metabolic tissues
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and prominently in male testis and accessory gland (Roy et al. 2010; Hu et al. 2017;
Leader et al. 2018; Thurmond et al. 2019), where they likely function as carriers for yet
unidentified lipophilic compounds. All four Obp50 paralogs have syntenic orthologs
among species of the melanogaster group (D. melanogaster, D. sechellia, D. yakuba, D.
erecta and D. ananassae) and D. willistoni (Sánchez-Gracia et al, 2009; flybase.org),
whereas only Obp50a and Obp50b have syntenic orthologs among species of the obscura
group (D. pseudoobscura and D. persimilis). Obp50a has also syntenic orthologs in D.
mojavensis, D. virilis and D. grimshawi. Obp50c has a syntenic ortholog in D. mojavensis
(flybase.org). Thus, it is likely that Obp50a is ancestral to the other orthologs and that
Obp50c and d were lost in the obscura group. None of the Obp50 paralogs have
annotated syntenic orthologs in D. suzukii.
A deletion-reinsertion approach for the genetic dissection of paralogs in multigene
clusters
We designed a deletion-reinsertion strategy to genetically dissect the Obp50 gene
cluster by constructing transgenic lines in which all, none, or one of the Obp50a-d
paralogs were functional. This design allowed analyses of organismal phenotypes and
transcriptional niches associated with each paralog and quantification of redundancy,
diversification, additivity and epistasis among paralogs. Genetic dissection of paralogs of
the Obp50a-d cluster with this deletion-reinsertion method highlights their complex
evolutionary interrelationships, characterized by redundancy, diversification, and
moderate epistasis. Diversification is evident from our observation that skewing of sex
ratios could be attributed to Obp50a, while sex-specific effects on starvation stress
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resistance could largely be attributed to Obp50d, as well as Obp50c in virgin females.
Effects on starvation resistance in females are likely due to transcriptional changes
induced by inactivation of Obp50 paralogs in the fat body and digestive system (Fig.
3.3).This deletion-reinsertion approach provides a general paradigm for the genetic
dissection of paralogs of multigene families in which functional diversification and
epistasis can be quantified relative to any given phenotype.
Sex-specific effects of Obp50a-d paralogs
Analyses of individual Obp50a-d paralogs showed the largest effect on the male
transcriptome, where genes involved in metabolism and reproduction are up-regulated in
accordance with their highly enriched expression in the testes, accessory glands, and
pupal fat body. Although members of the Obp gene family are present in seminal fluid
(Findlay et al. 2008; Findlay et al. 2009; Takemori and Yamamoto 2009; Sepil et al.
2019), the transfer of OBP50a-d to females during mating has not yet been reported. We
postulate that these OBPs likely serve as carriers of lipophilic compounds which
contribute to metabolic processes and regulate male reproduction. Many functions for
which transcriptional niche genes in mated females were enriched, such as eggshell
formation and embryogenesis, may be due at least partially to the upregulation of male
seminal fluid proteins (Avila et al. 2011), but may also stem from a more direct role in
these processes as seen with odorant binding and related proteins in mosquitos (CostaDa-Silva et al. 2013; Marinotti et al. 2014) and honeybees (Maleszka et al. 2007). The
molecular mechanisms that regulate the dynamics of coregulated gene expression, e.g.
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upregulation or downregulation of gene expression when one paralog or more are
inactivated, remain to be identified.
Our observations that the most significant organismal phenotypes were seen in
females while the most pronounced effects on the transcriptome were seen in males is
likely due to the different conditions under which these data were generated. The
organismal-level effects on females are seen during development and under starvation
stress, whereas for RNA sequencing adult flies grown under standard conditions were
collected. Moreover, the effect of Obp50c on female starvation resistance was seen in
virgin flies, whereas we only sequenced the transcriptome of mated flies.
Maintenance of redundancy by dosage effects and transcriptional buffering
The similarity between the effects of the individual Obp50a-d paralogs on the
male transcriptome (Fig. 3.4) suggests that the maintenance of these paralogs may at least
partially be due to dosage effects (Kondrashov et al. 2002; Qian et al. 2010). This
redundancy in males contrasts with the divergent effects of these paralogs on female
organismal phenotypes. Given that redundant effects of duplicated genes likely reflect
ancestral function, these results are compatible with the “out of the testis” hypothesis
which posits that many new genes are initially expressed in the testis and later diversify
into other tissues and functions (Kaessmann 2010).
We detected significant epistasis between the paralogs for almost one fifth (18%)
of the male transcriptional niche genes. In most (77%) of these cases, all four paralogs
together had less of an effect than would be expected from the effect of each paralog in
isolation, indicating suppressing epistasis, which may contribute to maintenance of
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mutational robustness over long periods of evolutionary time (Gu et al. 2003; Conant and
Wagner 2004; Yamamoto et al. 2009; Vandersluis et al. 2010). Purifying selection may
not be able to purge loss-of-function mutations that accumulate in functionally
compensatory paralogs (Ihmels et al. 2007), but the paralogs could attenuate
transcriptional noise and thereby stabilize the phenotypic response (Nowak et al. 1997;
Zhou et al. 2012; Saito et al. 2014). It is also possible that maintenance of redundancy is
due to functional constraints (Vavouri et al. 2008) or that insufficient time has passed
since duplication for complete neofunctionalization (Nowak et al. 1997).
Redundant, additive effects of duplicated genes are more readily
apparent by multiple-paralog knockouts
In line with previous studies, plotting measures of functional diversification and
epistasis together did not reveal any clear correlation between them (Musso et al. 2008).
However, we observed a salient pattern in which the most redundant and additive effects
of the paralogs were only detectable in the intact Obp50a-d transcriptional niche. It is
important to note that our measure of epistasis for a given transcript is calculated using
the effect of the full Obp50a-d cluster, which is estimated by the difference between the
expression of that transcript in the Obp50a+b+c+d+ and Obp50a-b-c-d- genotypes.
However, there is no a priori reason to suspect that this effect, if significant, will be
similar to the sum of the effects of the individual paralogs, which is estimated by the sum
of the differences between the expression of Obp50a-b-c-d- and each of the Obp50a+b-c-d, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes. This is because the sum of
the effects of the individual paralogs could, in principle, assume any value (assuming no

110

biological relationship) and cannot be predicted a priori by the effect of the full cluster.
The pronounced additivity within the Obp50a-d niche, therefore, cannot be accounted for
by a logical dependency inherent in our calculation of epistasis. We note, however, that
our test for epistasis examines overall interactions among the Obp50 paralogs. Further
detailed analyses of epistasis is possible in the future by constructing the six genotypes
with all possible pairs of paralogs and the four genotypes in which only one paralog is
missing. These genotypes would enable inference of the role of sharing of regulatory
elements in the paralog regions on epistatic interactions.
The detection of the most additive and redundant effects of the paralogs within
the Obp50a-d niche emphasizes an underappreciated difficulty when studying additive
effects of functionally similar genes, like duplicated genes: when a given additive effect
is divided more evenly among multiple duplicates (Qian et al. 2010), the statistical power
necessary to detect the effect of at least one of the duplicates is increased, assuming a
constant level of statistical noise. In other words, similarity between the additive effects
of the individual paralogs decreases the magnitude of the strongest single-paralog effect,
which thereby decreases the likelihood that the effect of any one of the individual
paralogs will be detected. Nonetheless, the more even distribution of additive effects
among the paralogs does not change their sum, which is more likely to rise to the level of
statistical significance than any of the single-paralog effects. This sum is represented by
the difference between the Obp50a+b+c+d+ and Obp50a-b-c-d- genotypes, thereby
explaining why the most redundant effects that are additive are only detected in the
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Obp50a-d transcriptional niche. This further justifies our full-cluster deletion-reinsertion
approach in which the collective effect of multiple paralogs can be measured.
Methods
Fly husbandry
Unless otherwise indicated, Canton S (B) flies were reared on yeast-cornmealmolasses-agar medium at 25oC, 60-75% relative humidity, and a 12h light-dark cycle.
Adult flies were 3-5 days old at the start of each assay and screened for morphological
aberrations.
Generation of CRISPR-Cas9 excision and PhiC31 reintegration lines
We used the flyCRISPR website’s Optimal Target Finder tool (Gratz et al. 2014)
to design chiRNAs utilizing PAM sites approximately 200 bp upstream of Obp50a and
within 75 bp downstream of Obp50d. For each chiRNA we annealed complementary
oligonucleotides with a pU6-Bbs1-chiRNA plasmid (Addgene catalog #45946)
predigested with Bbs1. We constructed the homology-directed repair template by cloning
approximately 1 kb up- and downstream of the Obp50a-d cluster into the up-and
downstream Sap1 and Aar1 cloning sites, respectively, of the pDsRed-attP vector
(Addgene catalog #51019). The two chiRNA plasmids, the pBs-Hsp70-Cas9 plasmid
(Addgene catalog # 46294), and the homology-directed repair template were injected into
Canton S (B) embryos as a single mixture in a 2:2:5:10 ratio by molecular weight by
Model System Injections (Durham, NC, USA).
We constructed the pattB-Obp50a-d-loxP-white+ vector by modifying the
GenBank KC896839.1 pattB cloning vector using an In-Fusion kit (Takara Bio USA,
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Inc., Mountainview, CA, USA) and designed primers with the company’s online tool
(supplementary fig. S3.2). We performed a series of site-directed mutagenesis reactions
(fig. 3.1B) using a Q5 Site Directed Mutagenesis kit (New England Biolabs, Ipswich,
MA, USA) and designed primers with the NEBaseChanger online tool to generate 8
plasmids containing different combinations of Obp50a-d constructs with intact genes or
genes with premature termination codons or missense mutations (supplementary table
S3.1). The plasmids were injected into the F1 progeny of Obp50[Δa-d; attP-loxP-DsRedLoxP] and PhiC31 integrase expressing flies by Model Systems Injections (fig. 3.1 and
supplementary fig. S3.1). Unless otherwise specified, enzymes used were from either
New England Biolabs or Thermofisher Scientific (Waltham, MA, USA). Primers are
indicated in Supplementary table S3.3.
We confirmed proper orientation and location of the attP-loxP-DsRed-LoxP insert
by Sanger sequencing PCR amplicons of the regions extending from >150 bp outside the
homology arms to just inside the insertion. We confirmed orientation and location of the
reinsertion lines by continuous Sanger sequencing of amplicons extending from upstream
of the attP site to downstream of the LoxP sequence (fig. 3.1).
RNA sequencing
To prepare libraries for RNA sequencing we collected replicates of 30 mated
flies, sexes separately, of up to two lines per genotype between 8:00 am and 11:00 am
and flash froze them on dry ice in 2 mL tough microtubes (Thermofisher, Waltham, MA).
Total RNA was extracted using a modified version of the RNAeasy plus mini kit
(Qiagen, Hilden, Germany) protocol. Four 2.4 mm metal beads (Thermofisher) were
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added to each sample tube and the flies were homogenized in a bead mill (Thermofisher)
for 2 minutes at 5m/s, after which the RNA was eluted with a total of 30 μL H2O. We
used the NuQuant +UDI, Drosophila AnyDeplete kit (Tecan, Männedorf, Switzerland) to
deplete ribosomal RNA and prepare bar-coded cDNA libraries for sequencing after 17
cycles of amplification. We used the Qubit 1X HS dsDNA HS kit (Thermofisher) to
quantify the libraries and high sensitivity D1000 screentape (Agilent, Santa Clara, CA) to
check the quality of size selection. We then normalized the libraries to 5nM concentration
and pooled them in order to get a final equimolar concentration of 3nM. The pooled
libraries were run on an S1 flow cell on the Illumina Novaseq6000 platform (Illumina,
San Diego, CA).
RNA-seq analysis
Raw reads were prepared for preprocessing by merging across lanes using a
custom UNIX shell script. Adapter trimming, detection of abnormal polynucleotide
sequences, filtering for low quality (Q<20) and short (<35nt) sequence reads and
generation of basic sequence quality metrics were performed using the AfterQC pipeline
(Chen et al. 2017). Detection of rRNA contamination was performed using the bbduk
command from the BBTools package (Bushnell 2018) and consolidated rRNA sequences
from the SILVA database (Quast et al. 2013). High quality sequence reads were aligned
to Drosophila melanogaster reference genome release 6 (version 6.13) using the alleleaware GSNAP aligner available within the GMAP package (Wu and Nacu 2010). The
resulting SAM files were converted to BAM, sorted and indexed using the samtools
package (Li et al. 2009). Sorted and indexed BAM files were used for counting of meta-
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features (exons) using the featurecounts command within the Subread package (Liao et
al. 2013). Uniquely mapped alignments were consolidated at the gene level and imported
into R for subsequent analyses.
Genes with fewer than 25% non-zero read counts or a median count of less than 2
were excluded from further analyses. Filtered expression counts were normalized using
GeTMM normalization (Smid et al. 2018). Two female samples, one Obp50a+b+c+d+ and
another Obp50a-bCDc+d-, were excluded from further analyses since they did not
unambiguously group with the other female samples in a hierarchical clustering analysis.
Differential expression was determined for each gene by specifying least squares means
estimates for the transcriptional niche contrasts and conducting tests for epistasis within a
linear mixed model ANOVA of the form 𝑌 = 𝑆𝑒𝑥 + 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 + 𝑆𝑒𝑥 ∗ 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 +
𝐿𝑖𝑛𝑒(𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒) + 𝜀, where 𝑌 is observed expression. Genes with BenjaminiHochberg’s False Discovery Rate adjusted p-value of less than 0.05 were considered
statistically significant. Tests were performed with SAS version 9.4 (SAS Institute, Cary,
NC, USA).
Unsigned biweight midcorrelation networks were produced from filtered,
normalized counts of the male samples of interest using the WGCNA R package (Zhang
and Horvath 2005), with the maximum proportion of outliers constrained to be less than
10% as recommended by the WGCNA documentation. Soft thresholding powers were
chosen to maximize the scale-free topology model fit and mean connectivity (see fig.
S3.6). Correlations between genes of interest were visualized with Cytoscape 3.7.2
(Shannon et al. 2003) using the yFiles Circular layout (yWORKS, Tübingen, Germany)
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after applying a hard threshold for correlation strength. All networks were constructed
using the Obp50a+b+c+d+ and Obp50a-b-c-d- data, while the networks of Obp50a (fig.
3.5A), Obp50c (fig. 3.5B), and Obp50d (fig. 3.5C) were also constructed from the
Obp50a+b-c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ data, respectively. All networks in
figure 3.6 and the Obp50a-d network (fig. 3.5D) were constructed from the Obp50a+b-cd-, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ data.
Statistical testing for diversification and epistasis
The same model used to test for overall significance of the 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 term for a
given phenotype was used to test for functional diversification between paralogs except
that only samples of the Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-cd+ genotypes were considered. A significant genotype term indicated diversification;
otherwise, the paralogs were considered as having redundant effects. Epistasis was
determined by the least squares means estimate 0 = (𝑂𝑏𝑝50𝑎: 𝑏 : 𝑐 : 𝑑 : −
𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 > ) − [(𝑂𝑏𝑝50𝑎: 𝑏 > 𝑐 > 𝑑 > − 𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 > ) +
(𝑂𝑏𝑝50𝑎> 𝑏 : 𝑐 > 𝑑 > − 𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 > ) + (𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 : 𝑑 > −
𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 > ) + (𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 : − 𝑂𝑏𝑝50𝑎> 𝑏 > 𝑐 > 𝑑 > )] + 𝜀. Significance was
interpreted as the paralogs having epistatic effects; otherwise, they were considered
additive. Epistatic effects with positive and negative estimates were deemed instances of
“enhancing” and “suppressing” epistasis, respectively. Both the test for epistasis and
diversification were performed by sex when applicable.
Starvation stress resistance
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Flies were collected into vials containing 30-35 mated females and males, or 5-10
virgin females. The day before the assay, flies were separated into vials containing 5 flies
of the same sex from each line. The next day, flies were transferred to vials containing 5
mL of starvation medium (1.5% agar in distilled H2O). The number of deceased flies was
recorded ≥ 4 times per day (Harbison et al. 2004).
Statistical significance was determined by fitting a logistic distribution to the
observed time of death using a parametric survival model of the form 𝑌 = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 +
𝐿𝑖𝑛𝑒(𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒) + 𝜀, where 𝑌 is observed time of death. Least squares means estimates
were performed for contrasting transcriptional niches and Holm-Bonferroni-corrected pvalues were used for post-hoc tests. Mated females, virgin females, and males were
analyzed separately.
To test the hypothesis that increased fecundity correlates with starvation
resistance, a separate assay was performed with mated females in which the vials used to
hold the flies overnight were maintained and the emerging offspring counted. Correlation
between the mean survival time versus the number of offspring produced per vial was
assessed using a Standard Least Squares model.
Larval fat content
To measure larval fat content, 4 males and 4 females were placed in vials on
standard medium without yeast and allowed to lay eggs for 24 h. On day 5, 20% sucrose
(w/v) in phosphate buffered saline (PBS) was added to the vials and the floating
wandering larvae were collected with a spatula and transferred to a 50 mL conical tube
containing 10 mL of 10% sucrose in PBS. After gentle stirring, the larvae which floated
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to the top were counted after two minutes. The measurement was repeated after each
incremental addition of 3 mL of 20% sucrose. When a total of 15 mL of 20% sucrose had
been added, the number of larvae which remained at the bottom were also counted and
added to the number of floating larvae to calculate the total number of larvae for each
replicate and the percentage of floaters, which correlates with fat content (Hazegh and
Reis 2016). Results were analyzed with a mixed model ANOVA according to
supplementary table S3.3.
Sex ratio
Vials with 4 males and 4 females were set up in food vials without added yeast
(Day 0) and allowed to lay eggs for 3 days, after which they were discarded. Progeny
were collected and sexed on Days 9-15 (inclusive) as they emerged. Data were evaluated
with a logistic regression model of the form 𝑆𝑒𝑥 = 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒 + 𝐿𝑖𝑛𝑒(𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒) +
𝑉𝑖𝑎𝑙(𝐿𝑖𝑛𝑒, 𝐺𝑒𝑛𝑜𝑡𝑦𝑝𝑒) + 𝜀. Least squares means estimates were performed and HolmBonferroni-corrected p-values were used for post-hoc tests. Correlation between the
number of adult progeny per vial and percent female was assessed using a Standard Least
Squares model.
Data Availability
RNA sequences have been deposited in the Gene Expression Omnibus under
accession number GSE159393. Code has been deposited in GitHub and can be accessed
via https://github.com/jajohn23/Supp-data-file-4---Consolidated-code.txt.
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CHAPTER 4
THE DROSOPHILA BRAIN ON COCAINE AT SINGLE CELL RESOLUTION
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Introduction
Cocaine use presents a significant socioeconomic health problem (Substance
Abuse and Mental Health Services Administration 2019; Kariisa et al. 2019). While
cocaine use results in arousal and euphoria, side effects include accelerated heart rate,
mood swings, difficulty sleeping, loss of appetite and cognitive distortions. Escalated
consumption of cocaine can result in psychosis, cardiovascular disease and stroke.
The propensity for cocaine use depends on genetic and environmental factors.
Whereas much is known about the neurological effects of cocaine, information about
genetic variants that are associated with variation in individual susceptibility to
psychostimulant use remains incomplete. Furthermore, little is known about acute effects
of cocaine consumption on genome-wide gene expression across the brain.
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Drosophila melanogaster presents an advantageous model system for systems
genetic analyses of cocaine consumption (Kaun et al. 2012). Flies can be reared rapidly in
large numbers at low cost in defined genetic backgrounds and under controlled
environmental conditions, and about 75% of disease-causing genes in humans have fly
orthologs (Pandey and Nichols 2011). The crystal structure of the Drosophila dopamine
transporter has been obtained and its binding site can accommodate cocaine (Wang et al.
2015). Exposure of cocaine elicits motor responses that resemble behaviors observed in
rodents, and flies develop sensitization to repeated intermittent exposure to cocaine
(McClung and Hirsh 1998; Filošević et al. 2018). Dopamine (Bainton et al. 2000), the
dDAT dopamine transporter (Wu and Gu 2003) and the dSERT1 serotonin transporter
(Corey et al. 1994; Demchyshyn et al. 1994; Borue et al. 2009 and 2010) have been
implicated in mediating cocaine-induced behaviors in flies (Li et al. 2000; Simon et al.
2009). Consistent with the actions of these neurotransmitters, overexpression of the
vesicular monoamine transporter in both dopaminergic and serotonergic neurons
decreases the response to cocaine (Chang et al. 2006). Thus, fundamental neural
mechanisms affected by exposure to psychostimulants are conserved across phyla, from
flies to humans.
Studies on inbred wild-derived, fully sequenced lines of the Drosophila
melanogaster Genetic Reference Panel (Mackay et al. 2012; Huang et al. 2014) identified
candidate genes associated with variation in consumption and development of preference
for cocaine and methamphetamine (Highfill et al. 2019). Targeted RNA interference
(RNAi) of gene expression implicated dopaminergic neurons and the mushroom bodies,
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central brain structures associated with experience-dependent modification of behavior,
with consumption and development of preference for these psychostimulants (Highfill et
al. 2019). However, RNAi-mediated reduction in expression of candidate genes in glia
also affected cocaine consumption, suggesting that widespread brain regions contribute to
cocaine-associated behavioral phenotypes. The present study aims to delineate the effects
of acute cocaine consumption on genome-wide gene expression across the Drosophila
brain.
Results
Cocaine consumption causes behavioral impairments
To assess the effects of acute cocaine exposure on fly behavior, we allowed males
and females to ingest a fixed amount of sucrose or sucrose supplemented with cocaine
within a maximal two-hour time period. We measured negative geotaxis, an innate
locomotor behavior, to assess locomotion impairments, and startle behavior as a measure
of sensorimotor integration (Figure 4.1; Supplemental Table S4.1). Male flies exposed to
cocaine took longer to climb in the negative geotaxis assay than control flies, while
females appeared unaffected (Figure 4.1A). Both male and female flies exposed to
cocaine spent less time moving after being subjected to a mechanical disturbance (Figure
4.1B; Supplemental Video S4.1). The average reduced locomotor activity in both assays
might result from excessive grooming behavior in a fraction of male flies exposed to
cocaine (Figure 4.1C and D; Supplemental Video S4.2). In addition, we observed
seizures in a small percentage of flies after cocaine intake during the negative geotaxis
assay (Supplemental Video S4.3). Seizures rarely occurred in controls (Figure 4.1C and
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D). Collectively, these experiments provide evidence that acute exposure to cocaine
results in neurological impairments.

Figure 4.1: Behavioral characterization of Canton-S B flies after cocaine exposure. (a)
Negative geotaxis. The 7.5cm climb time for each fly was measured (n = 120 (♀control),
114 (♀cocaine), 141 (♂control), 128 (♂cocaine)). Horizontal lines represent means with
standard error. Male flies exposed to cocaine took longer on average to climb compared
to controls (*,P = 0.0042, two tailed Student’s t-test). (b) Startle response. The percent
time out of 45 seconds that each fly spent moving following a 42 cm drop was measured
(n = 155 (♀control), 145 (♀cocaine), 120 (♂control), 123 (♂cocaine)). Horizontal lines
represent means with standard error. Flies exposed to cocaine spent less time moving on
average than controls (for females ***, P = 4.68 Å~ 10-6; for males ***,P = 7.62 Å~ 1013; two tailed Student’s t-test). (c) Seizures and grooming activity during negative
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geotaxis. The percent of flies that exhibited seizures or grooming activity during the
negative geotaxis assay after exposure to cocaine was measured (n = 142 (♀control), 141
(♀cocaine), 166 (♂control), 161 (♂cocaine)). Both females and males exposed to cocaine
exhibited seizure activity more than controls (for females *,P = 0.0361; for males seizure:
***, P = 0.0007; Fisher’s exact test). Males exposed to cocaine also exhibited excessive
grooming activity more than controls (grooming: ***, P = 0.0007; Fisher’s exact test),
but females did not show statistically significant differences. (d) Seizures and grooming
activity during the startle response. The percent of flies that exhibited seizures or
grooming activity during the startle assay after exposure to cocaine was measured (n =
155 (♀control), 145 (♀cocaine), 120 (♂control), 123 (♂cocaine)). Female flies exposed
to cocaine exhibited more seizure activity than controls (*, P = 0.0121; Fisher’s exact
test), while male flies exposed to cocaine exhibited more grooming activity than control
(***, P = 0.00001; Fisher’s exact test).

Single cell RNA-seq reveals cocaine-modulated gene expression in neurons and glia
To assess effects of cocaine consumption on brain gene expression, we analyzed
single cell transcriptional responses in duplicate samples of flies that consumed fixed
amounts of sucrose or sucrose supplemented with cocaine in both males and females
(Supplemental Table S4.2). Visualization of the resulting integrated dataset using the
Uniform Manifold Approximation and Projection (UMAP) non-linear dimensionality
reduction method (Becht et al. 2019) showed that no single cluster was dominated by a
specific sample, sex, condition or replicate and that there was considerable homogeneity
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(i.e., an even distribution of cells from samples) across the entire dataset (Supplemental
Figure S4.1). We identified 691 differentially expressed genes in males and 322 in
females following acute exposure to cocaine, of which ~69% have human orthologs
(Supplemental Table S4.3). Unsupervised clustering of the integrated dataset based on
the expression profiles of individual cells resulted in 36 distinct, stable clusters (Figure
4.2). We assessed the stability of clustering by examining the relationship between the
number of new clusters identified and the granularity resolution parameter (Butler et al.
2018). At a resolution of 0.8, the number of clusters stabilized and the resolution had to
be increased significantly from this value in order to add new clusters, indicating that
saturation in the diversity of expression profiles had been reached.
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Figure 4.2: UMAP visualization and clustering of single-cell expression data. Cells were
clustered based on their expression pattern using the unsupervised shared nearest
neighbor (SNN) clustering algorithm. Individual dots represent each cell and the colors of
the dots represent the cluster to which the cells belong. Identification of cell types from
clusters was performed by cross-referencing cluster-defining genes across FlyBase
(Thurmond et al. 2019) and published literature (see Supplemental Table S4.4).
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We identified cell types corresponding to each cluster using the top marker genes
from each cluster, obtained by comparing each cluster’s gene expression profile against
the rest of the dataset and filtered by |logeFC| > 0.5, Bonferroni adjusted P value < 0.05.
Annotation of clusters based on their gene markers revealed that all major cell types
(neuronal and glial) as well as neurotransmitter types from most brain regions, including
the mushroom bodies, were represented (Figure 4.2, Supplemental Table S4.4).
Differential expression analysis within individual clusters indicated cluster-specific
transcriptional responses to cocaine. Especially, clusters corresponding to glia and
Kenyon cells of the mushroom bodies showed transcriptional responses following
cocaine exposure (Figure 4.3A and B). Thus, acute exposure to cocaine elicits rapid
widespread changes in gene expression throughout the brain.
Cocaine-modulated changes in gene expression are sexually dimorphic
We first analyzed differential expression by combining the male and female
samples. There was a significantly greater number of genes upregulated than
downregulated across all clusters in response to cocaine. Based on the number of strongly
differentially expressed genes (|logeFC| > 1, Bonferroni adjusted P value < 0.05), clusters
corresponding to surface glia (C22), unannotated cluster C16, astrocytes (C17) and
Kenyon cells (C11) showed the largest responses to cocaine (Supplemental Figure S4.2).
In addition, a core set of genes, selected based on their ranks from the TopKList
consistency analysis (Schimek et al. 2015), show that they responded globally to cocaine
exposure (Supplemental Table S4.5). These genes include Rpl41, IA-2, and the long
noncoding RNAs CR34335 and CR34094, which were upregulated; and roX2 and ninaE,
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which were downregulated after consumption of cocaine (Supplemental Figure S4.2,
Supplemental Table S4.5 and S4.6).
Examination of males and females separately revealed extensive sexual
dimorphism in the response to cocaine. Consistent with effects on organismal phenotypes
(Figure 4.1), males showed more widespread changes in cocaine-modulated transcript
abundances than females (Figure 4.3A and B), When we consider only highly
differentially expressed genes (|logeFC| > 1.0, Bonferroni adjusted P value < 0.05), we
can construct expression matrices of 133 genes in males (Figure 4.3A) and 54 genes in
females (Figure 4.3B). Clusters C11 (Kenyon cells), C16 (not annotated), C17
(astrocytes) and C22 (surface glia) had unique responses compared to the rest of the
clusters in both males and females; C22 shows the most extensive cocaine-induced
changes in transcript abundances in males (Figure 4.3A). In addition to differences in the
magnitude of cocaine-modulated gene expression between the sexes, we also observe
differences in direction, in which upregulation in one sex corresponds with
downregulation in the other. Overall, there was little overlap between the sexes especially in clusters C10, C12, C15, C16, C19 and C22 (Figure 4.3C, Supplemental
Table S4.7, S4.8 and S4.9). Thus, although cocaine modulated changes in gene
expression are widespread throughout the brain in both sexes, specific changes in
transcript abundances are distinct between males and females.
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Figure 4.3: Distribution of differentially expressed genes across clusters in males (A) and
females (B) exposed to cocaine and Venn diagrams showing overlap between
differentially expressed genes in males and females (C). To identify clusters with unique
gene expression patterns following acute exposure to cocaine, we filtered the list of
differentially expressed genes to only show the strongest responses (|logeFC| > 1.0,
Bonferroni adjusted P value < 0.05) to construct an expression matrix. Differentially
expressed genes are listed on the top (columns) and cell clusters are represented by the
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rows. Magenta boxes show upregulation and turquoise boxes show downregulation of
gene expression as a result of exposure to cocaine. Panel C shows Venn diagrams of
clusters with sexually dimorphic responses to cocaine exposure. The numbers within each
Venn diagram represent the unique and shared differentially expressed (|logeFC| > 0.5,
Bonferroni adjusted P value < 0.05) genes due to cocaine exposure from DGE analysis
performed for the corresponding cluster in male and female datasets separately.

Co-expression networks highlight effects of cocaine on diverse cellular processes
Reactome analysis of pathway enrichment (Fabregat et al. 2018) in C11 and C20
in females, which based on biomarkers represent Kenyon cells of the mushroom bodies,
highlighted inositol phosphate metabolism (Supplemental Table S4.10), suggesting a role
for cocaine in modulating signal transduction. We were unable to assign a specific
identity to C16, which might be comprised of a mixture of neurons from the antennal
lobe and optic lobe (Supplemental Table S4.4). However, pathway analysis of male C16
revealed enrichment of multiple signal transduction pathways, including pathways related
to G-protein coupled receptor signaling, activation of serotonin and AMPA- and NMDAtype glutamate receptors, activation of axonal growth inhibition, and Class A/1
Rhodopsin-like receptor signaling (Supplemental Table S4.10).
In contrast to the signal transduction elements associated with the neuronal C11
and C16 clusters, different cellular mechanisms are associated with cocaine exposure in
C17 and C22, which represent astrocytes and surface glia, which comprise the bloodbrain barrier in the fly, respectively (Supplemental Table S4.10). Functional enrichment
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analysis yielded few differentially expressed genes for females, but for C22 in the male
dataset revealed enrichment of Notch2 activation and signaling, degradation of GABA,
immune pathways related to NF-κB activation, cytokine production and Toll-like
receptor signaling, and nonsense mediated decay and translation initiation (Supplemental
Table S4.10). These observations are in line with expected functions of glia (Kremer et
al. 2017).
We used Random Matrix Theory (RMT; Gibson et al. 2013) to construct coexpression networks of cocaine-modulated differentially co-expressed genes for selected
clusters with enough differentially expressed input genes. Across all cell clusters we find
genes of unknown function and genes encoding long non-coding RNAs, which are likely
to play a regulatory role (Everett et al. 2020). We present examples of co-expression
networks for C16 males (Figure 4.4A-C and Supplemental Figure S4.3) and C22 males
(Figure 4.4D and Supplemental Figure S4.4).
Co-expression analysis for C16 reveals a highly interconnected network that
could be partitioned into three subnetworks using Molecular Complex Detection
(MCODE) stratification (Bader et al. 2003). Central genes include transcriptional
regulators associated with development, including dendrite morphogenesis (Lim1, jim) as
well as signal transduction (5- HTA2, CNMaR; Figure 4.4A and Supplemental Figure
S4.3). Random Matrix Theory identified two major subnetworks within the interaction
network that represents C22 (Figure 4.4D and Supplemental Figure S4.4). The two
subnetworks in C22 were connected by only three genes (CG3168, CG10433 and
CG15209) through negative correlation (Figure 4.4D and Supplemental Figure S4.4). Of
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the three genes, CG3168, which belongs to the SLC22 family of organic ion transporters,
had the largest number of negative correlations linking the two large subnetworks. This
gene is expressed in the blood-brain barrier of flies and postulated to play a role in
chemoprotection of the brain (Hindle and Bainton 2014). Further stratification using the
MCODE algorithm resulted in three tightly clustered C22 subnetworks. The C22 male
interaction network comprises genes associated with oxidation-reduction (se, Ssadh) and
redox reactions, particularly the glutathione system (GstE12, GstE14, se), as well as cell
adhesion (SPARC, bdl, TspFas2).
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Figure 4.4: Sub-networks from co-expression network analyses of DEGs from the male
C16 and C22 clusters. Networks are constructed from Pearson Coefficient based co-
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expression values calculated from scaled data of genes that were differentially expressed
(filtered for |logeFC| > 0.5, Bonferroni adjusted P value < 0.05) due to cocaine exposure.
Co-expressions have been filtered using Random Matrix Theory. (a-c) MCODE subnetworks derived from the full network of male cluster C16. The inset in (a) corresponds
to a subset of genes within the sub-network that have very strong correlation coefficient
values with each other compared to the rest of the dataset. Colors of the dots represent the
connectivity index derived from MCODE scores. Colors of edges represent the positive
(red) and negative (green) correlations. (d) Coexpression network analysis of DEGs from
the male C22 cluster.

Finally, we assessed interaction networks among differentially expressed genes
across all cell clusters separately for males and females (Figures 4.5 and 4.6). The global
transcriptional response to cocaine in males is captured by a complex network of
interconnected modules (Figure 4.5). Functional analyses reveal modules associated with
Toll-like receptor signaling, ABC xenobiotic transporters and ATPase ion pumps,
translation initiation, and hexose transport, G-protein coupled receptor signaling and
clathrin-mediated endocytosis. The female network has fewer genes and contains
modules associated with phototransduction, lipid receptors and transport, and glutathione
metabolism and neurotransmission (Figure 4.6). In each network, multiple cell clusters
contribute to the organization of each network module, indicating that the transcriptional
response to cocaine is coordinated not only within, but also across different cells
throughout the brain.
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Figure 4.5: Interaction network analysis of DEGs from all clusters in the male dataset.
Network constructed from interactions calculated using StringApp plugin within
Cytoscape for genes that were differentially expressed (filtered for |logeFC| > 0.1 and
Bonferroni adjusted P value < 0.05) in all clusters from the male dataset. Grey edges
represent interactions. Genes that were differentially expressed in multiple clusters are
depicted as pie-charts with each color representing the respective cluster. Genes are
grouped into circles based on their MCODE connectivity scores. Annotations of these
circular groups represent the pathways that are enriched for the genes within these
groups. Bonferroni adjusted P value < 0.05 was considered as significant for enrichment
in the statistical overrepresentation tests.
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Figure 4.6: Interaction network analysis of DEGs from all clusters in the female dataset.
Network constructed from interactions calculated using stringApp plugin within
Cytoscape for genes that were differentially expressed (filtered for |logeFC| > 0.1 and
Bonferroni adjusted P value < 0.05) in all clusters from the female dataset. Grey edges
represent interactions. Genes that were differentially expressed in multiple clusters are
depicted as pie charts with each color representing the respective cluster. Genes are
grouped into circles based on their MCODE connectivity scores. Annotations of these
circular groups represent the pathways that are enriched for the genes within these
groups. BH–FDR adjusted P value < 0.05 was considered as significant for enrichment in
the statistical overrepresentation tests.

142

Discussion
Unlike humans and rodent models of substance abuse, Drosophila enables
comprehensive single cell transcriptomics analyses of living cells across the entire brain
in a single analysis (Davie et al. 2018). We generated an atlas of cocaine-modulated gene
expression changes in the fly brain and found that transcriptional changes in response to
acute consumption of cocaine are rapid, widespread in both neurons and glia, and
sexually dimorphic. We performed the experiments in duplicate to establish crossvalidation. Transcript abundance levels are influenced by circadian time (Claridge-Chang
et al. 2001; Sivachenko et al. 2013; Krzeptowski et al. 2018). Therefore, we performed
all experiments within a defined window of circadian time. Since the transcriptional
profiles we obtained provide a single ‘snapshot’ in time, we cannot extract information
about the temporal progression of the transcriptional response to cocaine to determine
whether or to what extent transcriptional responses in different cell populations occur
sequentially or in parallel. Also, we cannot draw inferences as to which changes in gene
expression might lay a foundation for development of cocaine preference (Highfill et al.
2019), since we only assessed acute transcriptional responses following a single exposure
to cocaine.
The response to cocaine is sexually dimorphic
Previous studies on the Drosophila melanogaster Genetic Reference Panel
(Mackay et al. 2012; Huang et al. 2014) have documented sexual dimorphism in the
genetic architectures of a wide range of morphological (Zwarts et al. 2015), life history
(Nuzhdin et al. 1997; Huang et al. 2020) and behavioral traits (Shorter et al. 2015;
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Harbison et al. 2019), including cocaine consumption and preference (Highfill et al.
2019). However, sexual dimorphism in the transcriptional response following acute
exposure to cocaine is extreme compared to any previous studies and is mirrored and
consistent with the behavioral phenotypes (Figure 4.1). It is possible that differences in
cocaine metabolism between males and females may contribute to this sexual
dimorphism. The sexual dimorphism we observe is in line with previous studies that
show reduced locomotion and increased grooming in flies given low doses of cocaine,
with males showing greater impairments in behavior (McClung and Hirsch 1998). We
note, however, that changes in gene expression are not a priori necessary for cocaine to
elicit behavioral effects.
Cocaine-modulated gene expression in the mushroom bodies
Transcriptional effects of cocaine exposure are evident in all cell clusters, but
among neuronal populations, the Kenyon cells of the mushroom bodies (represented by
C11 and C20) have especially large responses to cocaine. The mushroom bodies are
integrative centers associated with experience-dependent modulation of behavior and
have previously been implicated in development of preference for cocaine intake
(Highfill et al. 2019). Acute cocaine consumption leads to changes in gene products
associated with signal transduction, including phosphatidyl inositol mediated signaling in
C11 in males (Supplemental Table S4.10), as well as cyclic AMP mediated signaling,
which is evident from increased expression of rutabaga (rut), in C20 in females
(Supplemental Tables S4.8 and S4.10). rut encodes a calcium-calmodulin dependent
adenylyl cyclase, implicated in learning and memory (Levin et al. 1992) and behavioral
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responses to ethanol (Rodan et al. 2002; Xu et al. 2012). cpx, which is involved in the
functioning of the SNARE complex at the synapse (Scholz et al. 2019) and may affect
neurotransmission, is upregulated in males in response to cocaine. Kenyon cells receive
dopaminergic input, and acute exposure to cocaine results in altered expression of Ddc,
which encodes DOPA decarboxylase, and downregulation of Dop2R, which encodes a
dopamine receptor in C11 in females (Supplemental Table S4.8). slo, which regulates
neurotransmitter release at synapses (Jepson et al. 2014), is upregulated in response to
cocaine, as is Rgk1, which plays a role in negative regulation of calcium channel activity
(Murakami et al. 2017). Downregulation of jdp can lead to dopamine blockade through
its activity as a cochaperone in synaptic vesicle release (Ye et al., 2004). Based on the
collective data, cocaine induced modulation of gene expression appears to result in
altered synaptic regulation in the mushroom bodies.
Cocaine-modulated gene expression in glia
In addition to cocaine-modulated changes in gene expression in neurons, acute
exposure to cocaine results in altered transcript abundances in different populations of
glia (C13, C17, C19, C22), including surface glia (C22) and astrocytes (C17). Mutants of
moody, which encodes two G-protein coupled receptor isoforms localized to surface glia,
have increased sensitivity to cocaine (Bainton et al. 2005). The surface glia, represented
by perineurial and subperineurial glia, act as the blood-brain barrier (DeSalvo et al. 2014;
Kremer et al. 2017) and mediate the innate immune response (Kounatidis and
Chtarbanova 2018). Genes associated with the blood brain barrier in Drosophila are also
upregulated in response to cocaine. This includes ogre, which regulates gap junction
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channel activity (Holcroft et al. 2013; Speder and Brand 2014) and Nrg, which plays a
role in cell adhesion in the blood brain barrier (Kanda et al. 2019), in females.
Acute exposure to cocaine causes changes in expression of genes involved with
Toll-like receptor (TLR) signaling, nuclear factor kappa B (NF-kB) activation, cytokine
production, and glutathione metabolism (Figures 4.5 and 4.6). TLR signaling has been
associated with response to cocaine (Zhu et al. 2018), likely due to the interaction of
cocaine with TLR on microglia (Northcutt et al. 2015), and cocaine activates the NF-kB
pathway in the nucleus accumbens of mice (Russo et al. 2009; Muriach et al. 2010).
Astrocytes provide metabolic support for neurons (Tsacopoulos and Magistretti
1996) and regulate neuronal NMDA receptors and synaptic plasticity (Haydon et al.
2009). Glutamatergic neurons feature prominently in C1, C3, C21 and C33. Studies on
rats have shown that cocaine is toxic to astrocytes and that loss of astrocytes leads to
dysfunctional neuron-glia communication (Badisa et al. 2013, 2014 and 2015). Eaat1,
which is highly expressed in astrocytes (Supplemental Table S4.4), encodes a
transmembrane glutamate transporter involved in glia-neuron communication
(MacNamee et al. 2016). Eaat1 is downregulated in response to cocaine in males and has
been associated with lifespan (Mazaud et al., 2019), long term memory (Matsuno et al.
2019), seizures (Jen et al. 2005; Cho et al. 2018) and ataxia (Jen et al. 2005; Parinejad et
al. 2016). Episodic ataxia due to a mutation in this gene (Parinejad et al. 2016) suggests
that altered expression of Eaat1 in astrocytes could play a role in cocaine induced
locomotor effects.
Translating findings from the Drosophila model to cocaine sensitivity in humans
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Like flies, people show sexually dimorphic effects of cocaine use. Although
substance use disorders are more prevalent in males, females are more likely to escalate
their drug usage to the compulsive stage faster than males (Westermeyer and Boedicker
2000; Haas and Peters 2000), report more negative effects during withdrawal, and have
greater relapse than males (Becker and Koob 2016). Females metabolize cocaine faster
than males, as evident from lower levels of cocaine metabolites in the bloodstream of
females compared to males who have consumed equal amounts of cocaine (Lukas et al.
1996). In this same study, males experienced the effects of cocaine faster and with greater
intensity than females. In rats, differences in sex hormones and the estrous cycle
contribute to differences in sensitivity to cocaine (Becker and Koob 2016; Cao et al.
2018). Thus, sexual dimorphism is a universal feature of the physiological response to
cocaine.
Although the Drosophila brain is anatomically distinct from the vertebrate brain,
fundamental neural processes are evolutionarily conserved. Functions of the dopamine
reward pathway in humans are analogous to experience-dependent modulation of
behaviors by the mushroom bodies. In our study, ~69% of genes differentially expressed
in response to cocaine have human orthologs (Supplemental Table S4.3), including Aldh,
Dop2R, GluRIA, GluRIB, and Vmat, previously implicated in cocaine phenotypes.
Polymorphisms in the human ortholog for Aldh, ALDH2, have been associated with drug
addiction in Chinese populations (Zhang et al. 2017), and suppression of ALDH2
suppresses cocaine seeking behavior (Yao et al. 2010). Dop2R encodes a dopamine
receptor, and its human ortholog, DRD2, is a well-characterized component of the
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dopamine reward pathway, which mediates development of cocaine dependence (Noble
et al. 1993; Persico et al. 1996; Moyer et al. 2011; Stolf et al. 2019). The glutamate
receptor genes GluRIA and GluRIB are associated with glutamatergic neurotransmission,
which is altered following exposure to cocaine and has been linked to cocaine
sensitization and cocaine-induced behavioral effects (Ghasemzadeh et al. 2009; Shin et
al. 2016; Liu et al. 2018). Vmat encodes the vesicular monoamine transporter responsible
for packaging the neurotransmitters dopamine, serotonin and octopamine in synaptic
vesicles (Greer et al. 2005). The vesicular monoamine transporter in humans, VMAT2
encoded by the SLC18A2 gene, has the same function, and VMAT2 protein levels are
reduced in cocaine users (Little et al. 2003; Narendran et al. 2014). These functional
parallels between the fly model and human studies provide proof of principle that results
from cocaine exposure obtained from the fly model can be translated to human
populations. Thus, the comprehensive documentation of cocaine mediated modulation of
gene expression which we have derived can serve as a contextual framework for future
human studies.
Methods
Drosophila stock
Canton S (B) flies (Norga et al. 2003) were maintained on standard
cornmeal/yeast/molasses agar culture medium at 25ºC on a 12:12 hour light:dark cycle
with 50% humidity in controlled adult density vials to prevent overcrowding. Briefly, 5
males and 5 females were placed into a vial and allowed to mate for two days before
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being cleared. Progeny from these vials were collected after eclosion and aged for 3-5
days before experimentation.
Cocaine exposure
Cocaine.HCl was obtained from the National Institute on Drug Abuse under Drug
Enforcement Administration license RA0443159. To expose flies to cocaine, we
performed a modified version of the capillary feeder (CAFÉ) assay (Ja et al. 2007). We
collected the first 40 flies that consumed 0.53 μL of cocaine and the first 40 flies that
consumed 0.53 μL of sucrose, corresponding to an 8 mm reduction in the height of the
solution in the capillary. All experiments were carried out between 8 AM and 11 AM.
Flies were allowed to feed for no more than 2 hours.
Behaviors
We measured negative geotaxis and startle response of individual flies within a
10-minute timeframe immediately following acute exposure to cocaine in the CAFÉ
assay. We quantified grooming and seizures in addition to measuring the behavioral
response in each assay. Excessive grooming was defined as more than 10 seconds of
constant grooming (Video S4.2). Seizure activity was defined as severe muscle tremors
that prevented the fly from moving normally (Video S4.3).
Brain dissection and dissociation
Brains were dissected from each fly immediately after it consumed the designated
amount of sucrose or cocaine solution and we used a dissociation protocol modified from
Croset et al. (2018) and Davie et al. (2018). We collected eight samples of 20 brains from
males and females exposed to cocaine or sucrose, with two biological replicates per
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treatment and sex. We proceeded with GEM generation using the Chromium controller
(10x Genomics, Pleasanton, CA) if we had a live cell count of > 500 live cells/μl.
Library preparation and sequencing
We made libraries after GEM generation in accordance with 10x Genomics v3.1
protocols. We sequenced the final libraries on an S1 flow cell using a NovaSeq (Illumina,
Inc., San Diego, CA) according to the manufacturer’s instructions.
FASTQ generation, demultiplexing and alignment
The mkfastq pipeline within Cell Ranger v3.1 (10x Genomics, Pleasanton, CA)
was used to convert BCL files from the sequence run folder to demultiplexed FASTQ
files. Release 6 version of the Drosophila melanogaster reference GCA_000001215.4
from NCBI GenBank was indexed using the mkref pipeline and used for alignment using
the count pipeline within Cell Ranger v3.1 with the expected cell count parameter set to
5,000 cells. The sequencing and alignment summary is given in Supplemental Table
S4.2.
Preprocessing, integration and cell-type clustering
Raw expression counts output for each sample from the Cell Ranger pipeline was
imported and analyzed using the Seurat v3 package in R (Butler et al. 2018; R core team
2013). Genes expressed in less than 5 cells and cells with less than 300 or greater than
2500 RNA features were filtered out. The upper (2500) and lower (300) thresholds for
the RNA features per cell were chosen based on the recommendations from the
developers of the Seurat v3 Pipeline. The recommendation is based on the multitude of
observations indicating that cells with less than 300 RNA features tend to have very
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sparse and unreliable signal and those with greater than 2500 RNA features tend to be
miscalled multiplet cells. Normalization and subsequent integration were performed
using scTransform pipeline (Hafemeister and Satija, 2019). To identify the cell-type
clusters within the dataset, unsupervised clustering using the FindClusters function and a
resolution of 0.8 was used. Cluster marker genes were identified using FindAllMarker
function (min.pct=0.25, logfc.threshold = 0.5, only.pos = TRUE).The top three genes
with positive expression for each cluster were extracted and used for cell-type
characterization.
Differential expression
Differential expression was performed for each cluster in two ways: (i) after
combining male and female samples together to test for effects of cocaine that are
common to both sexes; and (ii) testing for effects of cocaine in males and females
separately to identify sexually-dimorphic responses. The Pearson residuals output from
scTransform pipeline was used as input for differential expression (DE) calculation
(Hafemeister and Satija, 2019). The MAST algorithm was used as the testing
methodology in the FindMarkers function (test.use = "MAST", assay = "SCT", slot =
"scale.data") for each cluster to calculate DE. Clusters with sufficient number of DEGs
were subjected to pathway enrichment analysis using the statistical overrepresentation
test using the PantherDB (Thomas et al. 2003) and Reactome databases (Fabregat et al.
2016). Pathways with BH-FDR adjusted P values < 0.05 were considered statistically
enriched.
Simulation of bulk RNA-seq response
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The results from DE calculation from the combined dataset were used to
determine which genes were consistently upregulated and downregulated, respectively,
across all clusters as a result of exposure to cocaine. The top 50 ranked differentially
upregulated genes for each cluster and the top 20 ranked differentially downregulated
genes for each cluster were input into TopKLists R package (Schimek et al. 2015).
Cluster-specific co-expression networks
The scaled data from the scTransform pipeline for differentially expressed genes
from clusters 16 and 22 were extracted for the male samples. These scaled data were used
as input for filtering through Random Matrix Theory (RMT; Gibson et al. 2013). The
correlations that passed the filtering process were visualized using Cytoscape version
3.7.2. The MCODE algorithm (Bader et al. 2003) was utilized to identify highly
interconnected modules within the larger cluster network. Genetic interaction networks
were constructed by converting the gene IDs to gene names/symbols using the FlyBase
Consortium’s ‘Query-by-symbols/ID’ tool and calculating interactions between gene
products using the stringApp plugin within Cytoscape (Doncheva et al. 2019). To identify
specific pathways that are enriched in genes within each of the circular groups, we
performed statistical overrepresentation tests on the gene IDs from each group using the
PantherDB (Thomas et al. 2003) and Reactome (Fabregat et al. 2018) databases.
Pathways with BH-FDR adjusted P values < 0.05 were considered statistically enriched.
Data access
All single-cell RNA sequences data generated in this study have been submitted
to the NCBI Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) under
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accession number GSE152495. R code that was used to perform Seurat-based analyses
with TopKList is included in Supplemental Code and has been submitted to GitHub
under https://github.com/vshanka23/The-Drosophila-Brain-on-Cocaine-at-Single-CellResolution/blob/master/Rcode_for_analyses.R .
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CHAPTER 5
DEVELOPMENTAL ALCOHOL EXPOSURE IN DROSOPHILA: EFFECTS ON
ADULT PHENOTYPES AND GENE EXPRESSION IN THE BRAIN

Mokashi, S. S.*, Shankar, V.*, Macpherson, R. A., Hannah, R. C., Mackay, T. F.
C. and Anholt, R. R. H. (2021). Developmental alcohol exposure in Drosophila: effects
on adult phenotypes and gene expression in the brain. Frontiers in Psychiatry (in press)
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phenotyping, annotated the cell type clusters, contributed to the biological interpretation
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Introduction
Prenatal exposure to ethanol can trigger a wide range of adverse physiological,
behavioral, and cognitive outcomes, collectively termed fetal alcohol spectrum disorder
(FASD) (1-4). Fetal alcohol syndrome (FAS) has the most severe manifestations of all
FASDs, including craniofacial dysmorphologies, neurocognitive deficiencies, and
behavioral disorders such as hyperactivity, attention deficit disorder and motor
coordination anomalies (1,5-7). FAS/FASD is the most common preventable pediatric
disorder, often diagnostically confounded with autism spectrum disorder (8). Time, dose,
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and frequency of exposure are often unknown, and manifestations of FASD are diverse
and become evident long after exposure. The Centers for Disease Control and Prevention
found that 1 in 10 pregnant women report alcohol use and more than 3 million women in
the USA are at risk of exposing their developing baby to alcohol, despite warning labels
on alcoholic beverages that indicate possible effects on prenatal development (9).
Adverse consequences of fetal alcohol exposure extend throughout the lifespan.
Determining the effects of developmental alcohol exposure on adult phenotypes and gene
expression in the adult brain is challenging in human populations but can be addressed in
model organisms. Drosophila melanogaster is an excellent model to study developmental
effects of alcohol exposure, as we can control the genetic background and environmental
conditions for large numbers of individuals without regulatory restrictions and at low
cost. Importantly, flies exposed to alcohol experience loss of postural control, sedation,
and development of tolerance (10-13), resembling human alcohol intoxication. Previous
studies on the effects of developmental alcohol exposure in Drosophila showed reduced
viability and delayed development time (14,15), reduced adult body size (14) and
disruption of neural development (16). Developmental exposure to alcohol was
associated with reduction in the expression of a subset of insulin-like peptides and the
insulin receptor (14), dysregulation of lipid metabolism and concomitant increased
oxidative stress (17), and reduced larval food intake due to altered neuropeptide F
signaling (18).
Here, we show that developmental alcohol exposure in Drosophila results in
decreased viability, reduced sensitivity to ethanol and disrupted sleep and activity
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patterns. Single cell RNA sequencing on adult fly brains following developmental
alcohol exposure shows widespread sexually dimorphic changes in gene expression.
These changes in gene expression resemble changes observed previously following
cocaine exposure (19), indicating common neuronal and glial elements that respond to
alcohol and cocaine consumption.
Results

Figure 5.1: Diagram of the experimental design.

Effects of Developmental Alcohol Exposure on Adult Phenotypes
Exposure of flies to ethanol during the embryonic and larval stages (Figure 5.1)
resulted in an 8.9% reduction in viability compared to flies reared on control medium
(Figure 5.2A). The adult flies exposed to ethanol during development did not show any
overt morphological abnormalities.
We next asked whether developmental alcohol exposure would alter sensitivity to
acute alcohol exposure as adults. We reared developing flies on ethanol medium and
transferred the adults to control medium immediately after eclosion. The flies that
developed on ethanol medium showed reduced sensitivity (longer sedation times) to
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acute alcohol exposure in both sexes, indicating increased tolerance to acute alcohol
exposure compared to flies that developed on control medium (Figure 5.2B).
Children with FASD often have disturbed sleep (27, 28). Therefore, we used the
Drosophila Activity Monitor system to assess the effects of developmental alcohol
exposure on adult activity and sleep patterns and found that exposure to alcohol during
development had sex-specific effects on these phenotypes. Overall activity in males was
not affected by the ethanol treatment, but females exposed to ethanol were more active
(Figure 5.2C; Supplementary Table S5.1). Ethanol exposure reduced sleep during the day
in both sexes (Figure 5.2D), and day sleep in males was fragmented, with an increase in
activity bouts (Figure 5.2E). In contrast, females compensated for increased activity and
reduced daytime sleep with extended periods of night sleep (Figure 5.2F) with a reduced
number of activity bouts (Figure 5.2G; Supplementary Table S5.1).
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Figure 5.2: Effects of developmental alcohol exposure on viability and behavioral
phenotypes in adult flies. (A) Boxplots of viability (n=12 reps of 50 embryos per
treatment), (B) Ethanol sensitivity (n=43-49 3-5 day old flies per sex per treatment), (C)
Activity, (D) Proportion of daytime sleep, (E) Activity bouts during the day, (F)
Proportion of night time sleep, (G) Activity bouts during the night. Day hours are from
6am-6pm. Grey boxes indicate flies reared on medium supplemented with 10% (v/v)
ethanol and white boxes indicate control flies grown on regular medium. n=57-64 flies
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per sex per treatment for all sleep and activity phenotypes. * p<0.05, ** p<0.01, ***
p<0.001.

Effects of Developmental Alcohol Exposure on Gene Expression in the Brain
We performed single cell RNA sequencing to assess the effects of developmental
alcohol exposure on gene expression in the brain in males and females, with two
replicates per sex and treatment (Figure 5.1). We obtained a total of 108,571 cells across
all samples, which corresponds to ~10% of all cells in a Drosophila brain (Supplementary
Table S5.2). We visualized these data using the Uniform Manifold Approximation and
Projection (UMAP) non-linear dimensionality reduction method (29), which showed that
all samples were uniformly represented (Figure 5.3; Supplementary Table S5.2).
Unsupervised clustering of the dataset generated 43 cell clusters, which represent the
major regions of the Drosophila brain, including neuronal and glial populations, and all
major neurotransmitter cell types (Figure 5.4; Supplementary Table S5.3). We identified
seven distinct populations of GABAergic neurons, two subpopulations of Kenyon cells of
the mushroom bodies (integrative centers for experience dependent modulation of
behavior), and several distinct populations of glia, including two separate clusters of
astrocytes as well as surface glia that form the blood-brain barrier (Figure 5.4).
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Figure 5.3: Uniformity across samples of single cell transcriptomes. Gene expression
patterns of single cells (n = 108,571) from all eight samples are represented in low
dimensional space using a graph-based, non-linear dimensionality reduction method
(UMAP). Individual dots represent the transcriptome of each cell and the colors of the
dots represent the samples to which the cells belong.
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Figure 5.4: UMAP visualization and annotation of cell clusters. Cells were clustered
based on their expression pattern using the unsupervised shared nearest neighbor (SNN)
clustering algorithm. Individual dots represent each cell and the colors of the dots
represent the cluster to which the cells belong. Annotation of cell types from clusters was
performed by cross referencing cluster-defining genes across FlyBase (50) and published
literature (Supplementary Table S5.3).
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We combined all differentially expressed genes from all clusters and performed
differential expression analyses. We found 119 transcripts in males and 148 transcripts in
females with altered abundances after developmental alcohol exposure at a Bonferroni
adjusted p-value <0.05. We identified 61 upregulated and 25 downregulated genes in
males, and 57 upregulated and 34 downregulated genes in females at a threshold of
|logeFC| > 0.25 (Figure 5.5; Supplementary Tables S5.4 and S5.5). Increasing the
stringency to |logeFC| > 1.0 (Bonferroni adjusted p value <0.05) retained 36 upregulated
and 10 downregulated genes in males and 32 upregulated and 20 downregulated genes in
females (Supplementary Figure S5.1). Differential expression patterns are sexually
dimorphic, as observed previously for cocaine-induced modulation of gene expression
(19), with only 32 differentially expressed genes in common between the sexes. Changes
in gene expression in the mushroom bodies, represented by cluster C12, are primarily
observed in females. Developmental alcohol exposure modulates expression of several
genes in glia, represented by clusters C5, C15, C23, C24, and C33, in a sexually
dimorphic pattern (Figure 5.5). Especially noteworthy is the prominent differential
expression of lncRNA:CR31451, a long non-coding RNA of unknown function, in
multiple neuronal populations. This transcript is globally upregulated in males but
downregulated in females (Figure 5.5; Supplementary Figure S5.1). Among all
differentially expressed genes, ~ 58% have human orthologs (DIOPT score ≥ 3;
Supplementary Table S5.6)
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Figure 5.5: Differentially expressed genes across clusters in males (A) and females (B)
after developmental alcohol exposure. Differentially expressed genes are listed on the top
(columns) and cell clusters are represented by the rows. Upregulated genes are indicated
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with orange and downregulated genes are indicated with purple. Differentially expressed
genes are filtered at |logeFC| > 0.25 and a Bonferroni adjusted p value <0.05.
Differentially expressed genes that survive a threshold of |logeFC| > 1.0 with a
Bonferroni adjusted p value <0.05 are shown in Supplementary Figure S5.1.

We assessed global interaction networks of differentially expressed gene products
across all cell clusters for males and females separately (Figure 5.6). The male interaction
network is composed of modules associated with glutathione metabolism, lipid transport,
glutamate and GABA metabolism, and vision (Figure 5.6A). The female interaction
network also contains modules associated with glutamate and GABA metabolism, lipid
metabolism, and vision, but the composition of these modules is distinct from their male
counterparts. In addition, the female network features modules associated with
monoaminergic signaling, cell adhesion, and Wnt signaling (Figure 5.6B). Multiple cell
clusters contribute to each network module, indicating that modulation of gene regulation
by developmental alcohol exposure is coordinated across different cells throughout the
brain.

173

Figure 5.6: Global interaction networks of differentially expressed gene products in
males
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(A) and females (B) following developmental alcohol exposure. Colors of the nodes
correspond to the clusters in which expression of the gene is altered after growth on
alcohol supplemented medium.

We noticed that many genes that are differentially expressed following
developmental exposure to ethanol correspond to genes that undergo altered expression
when flies are exposed to cocaine (19). However, the transcriptional response to acute
exposure to cocaine is larger than the transcriptional response to developmental alcohol
exposure. Nonetheless, 69.7% of differentially expressed genes in males and 43.2% of
differentially expressed genes in females in our data overlap with differentially expressed
genes after consumption of cocaine (Figure 5.7; Supplementary Table S5.7), although the
magnitude and direction of differential expression of common genes between the two
treatments varies by cell type (Supplementary Table S5.8). Gene ontology enrichment
analyses of this common set of genes in each sex highlights gene ontology categories
associated with development and function of the nervous system (Supplementary Table
S5.9, 30).
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Figure 5.7: Venn diagrams indicating the proportions of differentially regulated genes
after exposure to alcohol during development or acute consumption of cocaine for males
(A) and females (B). Data for cocaine exposure are from ref 19. See also Supplementary
Table 5.7.

Discussion
We characterized the consequences of developmental alcohol exposure in
Drosophila on viability, behavioral phenotypes, and gene expression in the brain.
Characteristic features of FASD in humans include craniofacial dysmorphologies and
cognitive impairments. Although we did not perform detailed morphometric
measurements, we did not observe any overt morphological aberrations, and cognitive
impairments are challenging to assess in Drosophila. Nevertheless, flies exposed to
alcohol during embryonic and larval development showed changes in activity and sleep
patterns (Figure 5.2C-G), reminiscent of activity and sleep disturbances seen in children
with FASD (27, 28). We also find that growth on alcohol supplemented medium results
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in reduced ethanol sensitivity of adult flies, in agreement with a previous study (Figure
5.2B, 14).
We hypothesize that the effects of developmental alcohol exposure on changes in
gene expression in the Drosophila central nervous system will converge on evolutionarily
conserved cellular processes. Drosophila is advantageous for studies on gene expression
at single cell resolution because we can survey the entire brain in a single analysis, unlike
studies in rodents, and pooling multiple brains of the same genotype averages individual
variation. The power to detect changes in gene expression in our study is improved by
only considering changes in gene expression that are consistent across replicates.
We observed changes in gene expression in adult flies, even though exposure to
alcohol occurred only during the larval stages and briefly after eclosion, after which
adults were collected and maintained on regular medium without alcohol. It is possible
that developmental alcohol exposure may result in epigenetic modifications that give rise
to altered gene expression patterns into adulthood (31).
We observe changes in gene expression in diverse neuronal and glial cell
populations (Figure 5.5). Since we are not able to sample all cells of the brain, it is likely
that some neuronal or glial cell populations are not represented in our data. However, the
major regions of the Drosophila brain and all major neurotransmitter cell types are
represented (Figure 5.4; Supplementary Table S5.3). The effects of developmental
alcohol exposure are sexually dimorphic, similar to previously observed changes in
transcript abundances following consumption of cocaine (19). Sexual dimorphism is also
a hallmark of FASD, with different effects of fetal alcohol exposure on neural
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development and cognitive abilities between males and females (32-35). Although
different genes are affected in males and females, gene ontology analysis indicates that
they converge on the same biological processes, related to development and function of
the nervous system (Table S5.8). The considerable overlap between differentially
expressed genes in response to alcohol and cocaine suggests common neural substrates
that respond to toxic exposures. Genes associated with immune defense and xenobiotic
detoxification, including the glutathione pathway, feature in interaction networks of
differentially expressed gene products (Figure 5.6).
lncRNA:CR31451 shows large sexually antagonistic responses to developmental
alcohol exposure in many neuronal cell populations. Whereas a previous study
documented expression of this gene in glia (36), we only observe differential gene
expression of lncRNA:CR31451 in neurons under the conditions of our study (Figure
5.5). Future studies are needed to assess whether this gene product fulfills a regulatory
function that affects multiple neurotransmitter signaling processes and whether its sexantagonistic response to alcohol exposure could in part cause the differential gene
expression patterns seen in males and females.
Our observations of extensive changes in gene expression in glia in response to
developmental alcohol exposure are in accordance with the role of glia in FASD. Fetal
alcohol exposure leads to impaired astrocyte development and differentiation, which
gives rise to microencephaly (37, 38). In addition, ethanol exposure increases
permeability of the blood brain barrier (39), which in Drosophila is formed by the surface
glia (40). Among the glial genes that show altered expression after developmental alcohol
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exposure in Drosophila are GILT1, which contributes to the immune defense response to
bacteria (41), Gs2 and Eaat1, which are involved in glutamine synthesis and transport of
glutamate in astrocytes (42, 43), GstE12 and se, which are involved in glutathione
metabolism (44), and fabp and apolpp, which function in lipid metabolism (45, 46).
GABA signaling and glutamate signaling neuronal cell populations feature
prominently in our data (Figure 5.3). Glutamate is also a precursor for the biosynthesis of
glutathione, which is produced in glia and protects against oxidative stress and
detoxification of xenobiotics (47). Developmental alcohol exposure interferes with
glutamate and GABA signaling because ethanol is both an antagonist to the NMDA
glutamate receptor and mimics GABA (48). Consequently, fetal alcohol exposure results
in neuronal apoptosis during the rapid brain growth spurt during which the astrocytes
play a major role (48, 49). Evolutionarily conserved neural processes that respond to
developmental alcohol exposure in Drosophila thus provide a blueprint for translational
studies on alcohol-induced effects on gene expression in the brain that may contribute to
or result from FASD in human populations.
Methods
Drosophila Stocks and Exposure to Ethanol
D. melanogaster of the wild type Canton S (B) strain were maintained on
cornmeal/yeast/molasses-agar medium supplemented with yeast at 25°C on a 12h
light:dark cycle with 50% humidity, in controlled adult density vials to prevent
overcrowding. We allowed 5 males and 5 females to mate for two days and aged their
progeny for 3-5 days after eclosion. We then placed 50 males and 50 females into large
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egg collection cages on grape juice agar and yeast paste. We acclimatized the flies to the
cages for 24 hours with grape juice plate changes every 12 hours, and collected up to 12hour old eggs with a blunt metal needle. We placed the eggs on cornmeal-agar-molasses
medium (control) or on cornmeal-agar-molasses medium containing 10% (v/v) ethanol
(ethanol) without yeast. We collected 50 eggs per vial and set up 10-15 vials per
condition per collection week over a 48-hour period (Figure 5.1). After eclosion, flies
were transferred to 86 control medium without yeast and aged as indicated for the
relevant experiments. Unless otherwise indicated, all behavioral assays were performed
in a controlled environment at 25°C.
Viability
The number of flies that emerged from vials into which 50 eggs had been placed
were counted and the data were analyzed using the “PROC GLM” command (Type III) in
SAS v3.8 (Cary, NC) according to the model Y = μ + T + ε, where Y is the number of
eclosed flies, μ is the population mean, T is the fixed effect of treatment (flies reared on
control or ethanol medium), and ε is the residual error.
Ethanol sensitivity
We measured ethanol sedation time as described previously (20) on 44-48 3-5 day
old flies per sex per treatment. Ethanol sedation time was assessed between 8:30am and
11:30am. The number of seconds required for flies to lose postural control was analyzed
using the “PROC GLM” command (Type III) in SAS v3.8 according to the model Y = μ
+ T + S + TxS + ε, where Y is the time to sedation, μ is the population mean, T is the
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fixed effect of treatment (control or ethanol medium ), S is the fixed effect of sex, and ε is
the residual error.
Sleep and Activity
Flies reared on either control or ethanol medium were placed in Drosophila
Activity Monitors (DAM) (TriKinetics, Waltham, MA) containing a 5% sucrose, 2% agar
medium at 1-2 days of age, and monitored for seven days on a 12 hour light-dark cycle.
Activity was recorded as counts every time the fly interrupts an infrared beam. Sleep was
defined as at least five minutes of inactivity. Only data from flies that survived the entire
testing period were included, resulting in 57-64 flies per sex per treatment for analysis.
Raw DAM monitor data were run in ShinyR-DAM (21), and the outputs were
downloaded and parsed according to phenotype (e.g. day/night, sleep/activity, bout
length/bout count) for subsequent statistical analyses. The data were analyzed using the
“PROC MIXED” command (Type III) in SAS v3.8 according to the model Y = μ + T + S
+ TxS + Rep(TxS) + ε, where Y is the sleep or activity phenotype, μ is the population
mean, T is the fixed effect of treatment (control or ethanol medium), S is the fixed effect
of sex, Rep is the random effect of replicate and ε is the residual error. Reduced models
were also performed for each sex.
Brain Dissociation and Single Cell RNA Sequencing
For single cell RNA sequencing, we collected duplicate samples of 20 brains for
each sex from flies reared on control or ethanol medium. We dissociated the brains as
previously described after incubation with 450μl of collagenase solution (50 ul of fresh
25mg/ml collagenase (Gibco) in sterile water + 400μl of Schneider’s medium) for 30
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minutes followed by stepwise trituration - P200 pipette 5 times, 23G needle pre-wetted
with PBS + BSA 5 times, and 27G pre-wetted needle 5 times (19). The resulting
suspension was passed through a pre-wetted 10μm strainer (Celltrics, Görlitz, Germany)
with gentle tapping. We counted live cells using a hemocytometer with trypan blue
exclusion and proceeded with GEM generation using the Chromium controller (10X
Genomics, Pleasanton, CA) for samples with > 500 live cells/μl. We prepared libraries in
accordance with 10X Genomics v3.1 protocols. We determined fragment sizes using
Agilent Tapestation kits (Agilent, Santa Clara, CA) - d5000 for amplified cDNA and
d1000 for libraries. We measured the concentrations of amplified cDNA and 136 final
libraries using a Qubit 1X dsDNA HS kit (Invitrogen, Waltham, MA) and a qPCR based
library quantification kit (KAPA Biosystems, Roche, Basel, Switzerland). We used 12
cycles for the cDNA amplification and 12 cycles for indexing PCR. We sequenced the
final libraries on an Illumina NovaSeq6000.
Single Cell RNA Sequencing Data Analysis and Bioinformatics
We used the mkfastq pipeline within Cell Ranger v3.1 (10X Genomics,
Pleasanton, CA) to convert BCL files from the sequence run folder to demultiplexed
FASTQ files. We used the mkref pipeline to index the release 6 version of the D.
melanogaster reference GCA_000001215.4 from NCBI Genbank. For alignment, we
used the count pipeline within Cell Ranger v3.1 with the expected cell count parameter
set to 5,000 cells. We imported raw expression counts output for each sample from the
Cell Ranger pipeline and analyzed these data using the Seurat v3 package in R (22). We
normalized counts by regularized negative binomial regression using the scTransform
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pipeline (23). We performed integration of samples using the SCT method. RunUMAP
and FindNeighbors functions were used with 10 dimensions to ordinate expression space
and reduce data dimensionality. To identify cell-type clusters, we used unsupervised
clustering using the FindClusters function and assigned the origin of clustered cells based
on well-established biomarkers. We used the Pearson residuals output from the
scTransform pipeline as input for differential expression calculation (23). We used the
MAST algorithm as the testing methodology in the FindMarkers function for each cluster
to calculate differential expression, which allows for the incorporation of the cellular
detection rate, defined as a fraction of genes expressed in each cell, as a covariate (24). Pvalues for differential expression were adjusted for multiple-hypothesis testing using a
Bonferroni correction, and adjusted p-values that are less than 0.05 were considered
statistically significant.
Interaction networks were produced using the unique list of differentially
expressed genes aggregated from all clusters and the stringApp (25) within Cytoscape
(26).
The code for all analyses can be found here: https://github.com/vshanka23/The
Drosophila-Brain-after-developmental-ethanol-exposure-at-Single-Cell
Resolution/blob/main/Rcode_for_analysis.R
Data Availability Statement
The datasets for this study can be found in the GEO repository under accession
number GSE172231.
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CHAPTER 6
CONCLUSIONS AND DISCUSSION

Conclusions
In this dissertation, I have furthered our understanding of the genotype-phenotype
map using two strategies. Chapters 2 and 3 use a deletion-reinsertion approach to
understand the roles of individual single nucleotide polymorphisms (SNPs) within a gene
and those of individual paralogs in a cluster of genes. Single nucleotide polymorphisms
in a common genetic background have large effects on fitness traits as well as on
ensembles of co-regulated transcripts. Different SNPs affect each phenotype in different,
large and sexually dimorphic ways via different effects on the transcriptome. We
hypothesize that the individual effects of SNPs are context-specific, depending on
epistatic interactions and environmental conditions. When isolated in a common genetic
background, alleles which show only small effect sizes on population-based association
studies can reveal their true large effects on fitness traits and coregulated transcripts.
Thus, the infinitesimal model may be valid for describing the average effects of
segregating alleles in a natural population but fails to explain the underlying biology.
Similarly, different paralogs within a cluster of genes affect fitness traits and the
transcriptome in different and sexually dimorphic ways. Chapters 4 and 5 use single-cell
transcriptomics to explore the effects of substances of abuse on the transcriptomes of
cells in the entire Drosophila brain. Acute consumption of cocaine and developmental
alcohol exposure lead to sexually dimorphic responses in behavior and cell-type specific
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transcriptomic responses. Kenyon cells, astrocytes and surface glia are affected by both
cocaine and ethanol and the patterns of sexual dimorphism are substance specific.
Contributions to the field
Classical methods to identify the roles of alleles within a gene or region are
imprecise and involve placing a chromosome from varying genetic backgrounds (e.g.
chromosome 2) into an isogenic background to generate chromosome substitution lines
such that any variation in phenotypes observed stems from chromosome 2. Two studies
from our group used this strategy to understand the role of alleles within the DeltaHairless region and the Catsup gene (Lyman & Mackay, 1998; Carbone et al, 2006). This
approach cannot identify the roles of individual alleles because the entire chromosome
gets substituted and the genetic variation is not limited to the region of interest. The
phenotypic effects observed might not necessarily stem from the specific SNP or even the
region of interest. Other methods for gene mapping and narrowing QTL regions are
recombinant inbred lines, introgression lines and quantitative complementation tests
(Robin et al, 2002; De Luca et al, 2003; Mackay, 2010).
Genome wide association studies using the DGRP and outbred populations
(advanced intercross populations) give a list of polymorphisms statistically associated
with a trait which need to be followed by validation experiments to confirm roles of
significantly associated SNP-containing genes (Shorter et al, 2015; Dembeck et al, 2015;
Garlapow et al, 2015; Carbone et al, 2016; Morozova et al, 2018). Further, the DGRP
lacks the power to study the effects of rare alleles due to their low frequency in the
population. Outbred populations generated by round-robin crossing of DGRP lines such
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as advanced intercross populations can be used to perform association studies which do
allow the study of the effects of rare alleles. However, validation experiments using RNA
interference and insertion mutants cannot parse out differences between multiple SNPs
within a single gene or validate SNPs located in intergenic and potentially regulatory
non-coding regions of the genome (Mackay & Huang, 2018).
A recent study from the Mackay-Anholt laboratory used mini-advanced
intercrossed populations generated such that a group of populations had the same allele at
one locus and a varying background elsewhere in the genome while another group of
populations had the alternative allele at this locus and a varying background elsewhere.
Any differences in phenotype (acute cocaine consumption) between the populations were
inferred to be due to the allele of interest and thus, this approach could be used to validate
SNPs both within and outside coding regions (Baker et al, 2021). Chapter 2 presents an
alternative strategy for such studies by generating lines which differ only at single
nucleotides in a common genetic background. Chapter 3 uses a similar experimental
strategy for a different purpose, i.e., to parse out the roles of individual genes within a
cluster of paralogs.
Several studies in the past have explored the phenotypic effects of acute and
repeated cocaine consumption in a variety of model organisms (McClung & Hirsch,
1998; Dimitrijevic et al, 2004; Highfill et al, 2019; Mersereau et al, 2016; Reith &
Selmeci, 1992; Wood et al, 1994; Rademacher et al, 2002). Studies on rodent models
have delved into the effects of cocaine consumption at cell-type resolution, but only in
certain regions of the brain (Bhattacherjee et al, 2019; Savell et al, 2020). Similarly, the
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Heberlein and French groups have explored the phenotypic aspects of developmental
alcohol exposure in Drosophila (McClure et al, 2011; Logan-Garbisch et al, 2014;
Guevara et al, 2018; Belhorma et al, 2021). Such studies lack the resolution to give
insights into how different cell types within the entire brain respond to cocaine
consumption. Chapters 4 and 5 help fill these gaps and give insights into the cell-type
specific nature of the transcriptomic response to cocaine and alcohol.
Future directions
Scientific discovery is a continuous process and the findings from this dissertation
can be used to design several new experiments to gain insights into unexplored aspects of
the genotype-phenotype map.
In Chapter 2, I delved into the effects of single nucleotide polymorphisms within
and around the Obp56h gene on organismal fitness traits and the transcriptome.
Several experiments can be done to expand upon the findings from this Chapter. It
will be interesting to see whether the allelic variants modulate the expression pattern of
Obp56h, in addition to the expression levels. Transcriptomic analyses and the effects of
Obp56h variants on activity levels reveal that Obp56h might play a role in mitochondrial
function, perhaps by transporting hydrophobic molecules involved in energy metabolism.
It will be interesting to explore this previously unknown aspect of Obps in greater detail
and ask whether other Obps also affect metabolism and if so, are the mechanisms shared.
Phenotypic analyses revealed that the allelic variants of Obp56h affect sleep traits. It is
possible that these roles of Obp56h are mediated by its expression in the central brain,
which contains the clock neurons involved in regulation of circadian rhythm (Krupp et al,
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2013). Ligands of most odorant binding proteins, including Obp56h, are unknown and it
is possible that the same Obp binds to different small hydrophobic molecules in a
context-dependent manner (Pelosi et al, 2006; Leal, 2013). Allelic variants, particularly
missense mutations, could modulate structural aspects of the binding-site and hence,
bring about the phenotypic effects observed. To understand the roles of alleles within
Obp56h in greater depth and expand upon the context-specific nature of the underlying
biology, one could assess the effects of combinations of variants in Obp56h on
organismal traits by generating crosses between the allelic variant lines. It is possible that
the different alleles cancel out the effects of each other, ultimately resulting in the small
effect sizes observed in DGRP-based association studies. Furthermore, from an
evolutionary perspective, it will be interesting to see the degree of functional redundancy,
epistasis and diversification among Obp56 genes using the strategy described in Chapter
4.
This deletion-reinsertion approach can be used for any other coding or non-coding
regions of the genome provided they are amenable to CRISPR-Cas9 mediated deletion.
Studies on the non-coding part of the genome, in particular, will give insights into noncoding RNAs such as lncRNAs and snoRNAs. I observe in Chapters 2, 4 and 5 that both
single nucleotide polymorphisms in Obp56h and substances of abuse lead to the
differential expression of several of these non-coding RNAs. An interesting observation
in Chapter 2 was that the expression of several differentially expressed non-coding genes,
snoRNAs, tRNAs and lncRNAs, is highly environmentally plastic, particularly in
Obp56h6182T and Obp56h6247A. It is suspected that this high microenvironmental plasticity
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not only resulted in high variance in gene expression but also a change in average
expression, thus resulting in the observed differential expression when compared with
other genotypes.
A major limitation to this approach, as mentioned in the Discussion section of
Chapter 2, is that PhiC31-mediated site-specific recombination leads to a small part of
the vector sequence remaining in the genome of the reinsertion line. This can be avoided
by using a two-step CRISPR-Cas9 experimental design. This strategy involves first
knocking out the region of interest as done in Chapter 2 and 3. For the reinsertion step,
one could design guide RNAs flanking the knockout region (such that the DsRed inserts
are also knocked out) and a donor template vector containing the sequence homologous
to the region within the second set of guide RNAs. Positive transformants can be
identified based on a lack of DsRed expression in the eyes (negative selection). However,
given that the efficiency of homology-repair-based CRISPR-Cas9 is not high (Gratz et al,
2014), executing a two-stage CRISPR-Cas9 experiment is quite challenging.
In Chapters 4 and 5, I delved into the effects of acute consumption of cocaine and
developmental alcohol exposure on the transcriptome of flies at cell-type resolution in the
entire brain.
These are rich and large datasets that can be mined beyond what was done in this
dissertation. One limitation I observed while annotating clusters was that the cluster
marker genes identified by Seurat are often not the same as known biomarkers. For
example, elav and repo, well known neuronal and glial markers, respectively, were not
identified as cluster marker genes. This is likely because their expression patterns are
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very general, therefore not informative for the differentiation of cells within each class.
To gain a deeper understanding of the effect of acute cocaine consumption or
developmental alcohol exposure on different neuronal and glial cell types in the brain,
one could use a supervised clustering approach where one categorizes cells based on
known biomarkers. For example, the behavioral data in Chapter 5 reveal that
developmental alcohol exposure affects sleep traits. Depending on the availability and
expression levels of biomarkers, one could select only the cells representing the clock
neurons of the central brain and observe the effects on their transcriptomes. In addition to
these in silico analyses, in situ hybridization experiments could visualize and validate the
differential expression of genes in certain cell types.
The cocaine study was done on a single genetic background following a single
acute exposure to cocaine-supplemented food and hence, opens up several avenues for
future exploration. The effects of acute cocaine consumption on the fly brain might be
different in different wild-type genetic backgrounds. The eQTLs associated with these
differences in gene expression could give insights into why different individuals have a
large degree of phenotypic variance in their response to cocaine consumption. Further, to
go beyond acute consumption of cocaine, one could perform single-cell RNA sequencing
on brains of flies after they have been exposed to repeated doses of cocaine. Some form
of operant learning could also be incorporated into such an experimental paradigm to
parse out voluntary (choice-based) consumption versus no-choice consumption. The main
limitation of such an experimental design is the need to set up a large number of flies in
the initial round of capillary feeding in order to ensure that one gets enough brains for
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single-cell RNA sequencing at the last exposure. This can be mitigated by using a highthroughput microplate-based feeder assay to administer cocaine-supplemented food to the
flies (Walters et al, 2021).
Our study on developmental alcohol exposure used flies raised on ethanolsupplemented food during the developmental (larval) stages. However, the parents did
not consume ethanol. A slightly different experimental strategy could be used to identify
the effects of parental alcohol consumption on the transcriptome of the offspring at celltype resolution versus the ones I identified here. Such experimental paradigms will allow
us to identify which pathways are affected in the offspring if the female parent consumes
alcohol and perhaps identify targets for drug discovery.
Single-cell RNA sequencing gives us one level of information about the flies’
response to environmental perturbations. Single-cell ATAC sequencing could be
performed to understand how substances of abuse affect chromatin organization.
Environmentally-induced changes in chromatin conformation, as detected by single-cell
ATAC-seq, might lead to different genes being made available for transcription, which
can, in turn, be detected by single-cell RNA-seq. Other omics approaches such as
metabolomics, proteomics and bulk RNA/ ATAC/ Chip-seq following a specific
perturbation can give us a much broader and more comprehensive view of the
downstream effects triggered by these substances.
Going beyond flies, one can conduct similar studies on vertebrate model
organisms such as zebrafish or mice. Developmental alcohol exposure studies in mice
(Almeida et al, 2020) are especially pertinent as they are much better models for FASD
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than flies due to the lack of internal gestation in arthropods. Comparative studies and
meta-analyses across different model organisms will help identify conserved pathways
which are triggered by substances of abuse and provide targets for drug discovery.
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Appendix A- Supplementary material for Chapter II

Files are located online in Clemson Box:
Mokashi_dissertation/Chapter_2_Obp56h
Supplementary Figures

Fig. S2.1 Crossing scheme for the generation of the homozygous Obp56h- null allele and
DGRP minor alleles for five DGRP SNPs (Obp56hmod) in the CSB genetic background.
All balancer and marker chromosomes and chromosomes for PhiC31-mediated insertion
and Cre-mediated deletion were substituted into CSB. w1118 denotes the CSB X
chromosome. All third chromosomes are from CSB for all genotypes and are not shown.
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Fig. S2.2 Frequency distributions of CV between replicates for expressed genes for each
genotype. The most extreme CV values are for CV > 1 (vertical red line). (A) Males. (B)
Females.
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Supplemental tables
Supplementary Table S2.1 LD between Obp56h SNPs in the DGRP. Obp56hA6182T is
not included since the frequency of the minor allele is too rare to calculate LD in a
sample of this size. r2 is above the diagonal and D' is below the diagonal. All values of
LD are significant at P < 0.0001 (χ21 goodness of fit test)
Supplementary Table S2.2 Primers used for generation and validation of Obp56h null
and DGRP SNP minor alleles.
Supplementary Table S2.3 Effects of Obp56h alleles on organismal quantitative traits.
(A) ANOVA results for all genotypes. (B) Genotype means and significance of
individual allele differences from CSB (t-tests).
Supplementary Table S2.4 Summary of significance of differences of Obp56h alleles
from CSB. Entries in each cell are P-values. (A) Mean values. (B) Micro-environmental
variance heterogeneity. MAF: Minor allele frequency. N/A: Not applicable.
Supplementary Table S2.5 Comparison of effects and P-values for Obp56h alleles in
the CSB genetic background and for the same alleles in the DGRP. N/A: effect could not
be estimated in the DGRP as the allele was not present in the sample of lines used to
quantify chill coma recovery time. Data are from Harbison et al. 2013 (total activity);
Huang et al. 2014 (starvation survival, chill coma recovery); Garlapow et al. 2015
(sucrose consumption); and Morozova et al. 2018 (viability).
Supplementary Table S2.6 RNA sequencing raw data. Obp56h alleles are denoted by
their superscript. CSB: Canton S B control. M denotes males and F denotes females, and
1 and 2 indicate replicates 1 and 2, respectively. (A) Numbers of reads per gene. (B)
Filtered and normalized counts/million reads. (C) Conditional means.
Supplementary Table S2.7 ANOVA results of RNASeq data for seven Obp56h alleles.
Genes with significant (FDR < 0.05) variation among genotypes are shown. (A) Males.
(B) Females. DF: Degrees of freedom. SS: Sums of Squares. MS: Mean Squares. F: F
ratio statistic. (C) Genes in common between males and females and unique for each sex.
(D) Gene set enrichment analyses.
Supplementary Table S2.8 Significant (FDR < 0.05) differentially expressed genes in
pairwise comparisons of Obp56h alleles. log2FC is the log2 fold change of allele 2
relative to allele 1. Orange cells denote increased transcript abundance of allele 2 relative
to allele 1, and purple cells represent decreased transcript abundance of allele 2 relative to
allele 1. (A) Males. (B) Females.
Supplementary Table S2.9 Micro-environmental plasticity for gene expression of
Obp56h alleles. (A) CV values for co-regulated genes in males. Entries above the
threshold of CV = 1 are in bold font. Expression counts are the medians across all
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genotypes. P-Values and FDR are from Levene's tests for variance heterogeneity across
all genotypes. (B) Co-regulated genes with CV > 1 for each allele in males. (C) Gene
Ontology (GO) enrichment for co-regulated genes with CV > 1 in males. There was no
enrichment for Obp56h5849G and Obp56h-. (D) CV values for co-regulated genes in
females. Entries above the threshold of CV = 1 are in bold font. Expression counts are the
medians across all genotypes. P-Values and FDR are from Levene's tests for variance
heterogeneity across all genotypes. (E) Co-regulated genes with CV > 1 for each allele in
females. (F) Gene Ontology (GO) enrichment for co-regulated genes with CV > 1 in
females. There was significant enrichment only for Obp56h5849G and Obp56h6182T.
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Fig. S3.1. Crosses performed to generate reinsertion lines. (A) Generation of Int line within
a WT (Canton S (B) w1118) background. Int males with unknown yellow and white
mutations and genetic background were crossed to Cre w67c23; CyO/Sco; Sb/Dr
(Bloomington stock #34516; G0), and the female CyO, Dr progeny crossed to WT (F1).
F2 CyO, Dr males were crossed to WT (F2) and their non-CyO, non-Dr female progeny
(F3). F4 flies were screened for yellow and against CyO and Dr. (B) Generation of Cre
w67c23; CyO/Sco; + stock. F2 non-yellow; CyO;Dr males from (A) were crossed to Cre
w67c23; CyO/Sco; Sb/Dr females (G0) and the male CyO/+; Dr/+ and female Sco/+; Sb/+
progeny crossed (F1) to produce the Cre w67c23; CyO/Sco; + stock (F2). (C) 2nd
chromosome crosses following CRISPR injection. WT embryos were injected with
CRISPR constructs (G0; see fig. 3.1) and backcrossed to WT (F1). F2 Obp50a-d– DsRed
males were crossed to a CyO/Sp balancer to isolate the transgenic chromosome (F2-F4).
st
nd
(D) 1 and 2 chromosome crosses following pattB injection. Male F4 flies from (C) were

crossed to F4 females from (A), whose F1 progeny were injected with Obp50a-dmod w+
pattB vectors, where the “mod” superscript indicates modified versions of the Obp50a-d
cluster (see fig. 3.1). F1 males were crossed to the CyO/Sp balancer and the male F2
progeny screened for w+. Positive flies were then crossed to F2 females from (B) and the
male F3 progeny were screened for CyO and against Sco, DsRed, and w. F3 males were
crossed to the CyO balancer until the transgenic chromosome was isolated in an otherwise
WT background (F3-F6). Asterisks (*) indicate unknown genotype. Green text indicates
genotypes that were molecularly confirmed. Grey text indicates mutations present in
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germline cells only. Unspecified chromosomes are WT. Int = PhiC31 integrase, Cre = Cre
recombinase.
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cloning vector (Genbank KC896839.1) was used as template to PCR-amplify two regions:
1) the LoxP site, with both forward (F) and reverse (R) primers containing XbaI overhangs,
and 2) the functional 50bp region of the 280bp annotated attB, with F XbaI and R HindIIISapI overhangs. (B) The pLoxP-MCS-attB plasmid and XbaI-LoxP-XbaI amplicon from
(A) were digested with XbaI and ligated, and the resulting plasmid was used as template to
amplify the multiple cloning site (MCS) through the inserted LoxP using primers with
HindIII overhangs. (C) The pLoxP-MCS-attB plasmid and XbaI-attB-HindIII-SapI
amplicon from (A) were digested with XbaI and SapI and ligated, replacing the 280bp attB
with the fully-functional 50bp attB to minimize the attR site left in the genome (see fig. 1).
(D) The plasmid from (C) was digested with NheI and XbaI and ligated to itself, thereby
removing the LoxP-MCS region and destroying both NheI and XbaI sites. (E) The plasmid
from (D) and HindIII-MCS-LoxP-HindIII amplicon from (B) were digested with HindIII
and ligated, forming an attB-MCS-LoxP cassette that allows the vast majority of the
plasmid to be removed from the genome by Cre-LoxP excision while leaving the MCS
intact. (F, G) The Obp50a-d cluster was amplified from w1118 Canton S (B) genomic DNA
(F) and cloned into the pattB-MCS-LoxP vector (G) from (E) using a Clonetech InFusion® kit and primers designed with the company’s online tool, thereby forming the
+
pattB-Obp50ad-LoxP-white plasmid for the Obp50a+b+c+d+ genotype (see fig. 3.1).
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Methods). Larger values of -log10(p) indicate increasingly significant epistasis. (C) Plot of
coefficient of variation from (A) versus the epistasis estimate from (B). (D) Plot of -log10(p)
from (A) versus -log10(p) from (B). The solid red line indicates FDR = 0.05. The dashed
red line indicates a coefficient of variation of 0.2, and the dashed grey line indicates a
deviation from additivity of 0. In each panel, females are on the left and males on the right.
Compare figure 3.4.
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of the Obp50a (A), Obp50c (B), Obp50d (C), and Obp50a-d, redundant, diverse, additive,
and epistatic (D) networks (see figs. 5-6). While all networks were constructed from
samples of the Obp50a+b+c+d+ and Obp50a-b-c-d- genotypes, (A) was also constructed
from Obp50a+b-c-d-, (B) from Obp50a-b-c+d-, (C) from Obp50a-b-c-d+, and (D) from
Obp50a+b-c-d-, Obp50a-b+c-d-, Obp50a-b-c+d-, and Obp50a-b-c-d+ genotypes. The chosen
soft thresholding powers for each network are circled.

Supplemental Tables
Table S3.1. Primers Used
Table S3.2. Mutations in Reinsertion Lines
Table S3.3. Summary of Mixed-Model ANOVA Tests
Table S3.4. Genes membership in the redundant, additive, and Obp50a-d networksa

Supplemental data files
Supplementary data file 3.1 - Obp50a-d cluster knockout line Sanger sequence
alignment.fasta
Supplementary data file 3.2 - Obp50a-d reinsertion line Sanger sequence
alignment.fasta
Supplementary data file 3.3 - Obp50a-d tissue expression
Supplementary data file 3.4 - Consolidated code
Supplementary data file 3.5 - Starvation resistance data (experiments on controls)
Supplementary data file 3.6 - Sex ratio data
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Supplementary data file 3.7 - RNA sequencing raw counts
Supp data file 3.8 - RNA sequencing metadata
Supp data file 3.9 - RNA sequencing expression averages
Supp data file 3.10 - RNA sequencing overall ANOVA
Supplementary data file 3.11 - RNA sequencing contrasts
Supp data file 3.12 - Male transcriptional niche tissue expression
Supplementary data file 3.13 - Transcriptional niche functional diversification and
epistasis analyses (Female)
Supplementary data file 3.14 - CG13177 significant BLASTn alignments
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Appendix C- Supplementary material for Chapter IV

Files are located online in Clemson Box:
Mokashi_dissertation/Chapter_4_cocaine_scRNAseq
Supplemental Methods
Drosophila stock
Canton S (B) flies (Norga et al. 2003) were maintained on standard
cornmeal/yeast/molasses agar culture medium at 25°C on a 12:12 hour light:dark cycle
with 50% humidity in controlled adult density vials to prevent overcrowding. Briefly, 5
males and 5 females were placed into a vial and allowed to mate for two days before
being cleared. Progeny from these vials were collected after eclosion and aged for 3-5
days before experimentation.
Cocaine exposure
Cocaine.HCl was obtained from the National Institute on Drug Abuse under Drug
Enforcement Administration license RA0443159. To expose flies to cocaine, we
performed a modified version of the capillary feeder (CAFÉ) assay (Ja et al. 2007). We
collected 200 Canton S (B) flies between 3 and 5 days old using CO2 anesthesia, sexes
separately. We placed them individually in culture vials containing
cornmeal/yeast/molasses/agar culture medium (Genesee Scientific, Inc., San Diego, CA)
and allowed them to recover for 24 hours before experimentation. Between 3:00-5:00 PM
on the day before the assay, we transferred the flies to vials containing 1.5% agar (Sigma
Aldrich, St. Louis, MO) in which a capillary (VWR International, Radnor, PA: 12.7 cm
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long, 5 μl total volume) filled completely with a solution of 4% sucrose (Sigma Aldrich)
and 1% yeast (Fisher Scientific, Hampton, NH) was inserted. The next morning, we
replaced the sucrose capillaries for 100 flies with capillaries containing 4% sucrose
supplemented with 1 µg/µL of cocaine and 1% yeast; for the other 100 flies, we replaced
the sucrose capillaries with fresh 4% sucrose and 1% yeast with no drug. A droplet of
mineral oil (Sigma Aldrich) was added to the top of each capillary to minimize
evaporation. We collected the first 40 flies that consumed 0.53 µL of cocaine and the first
40 flies that consumed 0.53 µL of sucrose, corresponding to an 8 mm reduction in the
height 5 of the solution in the capillary. All experiments were carried out between 8 AM
and 11 AM. Flies were allowed to feed for no more than 2 hours.
Behaviors
We measured negative geotaxis and startle response of individual flies within a
10-minute timeframe immediately following acute exposure to cocaine in the CAFÉ
assay. We quantified grooming and seizures in addition to measuring the behavioral
response in each assay. Excessive grooming was defined as more than 10 seconds of
constant grooming (Video S4.2). Seizure activity was defined as severe muscle tremors
that prevented the fly from moving normally (Video S4.3).
Negative geotaxis: Following acute cocaine consumption, we placed each fly in a
14.8 cm-tall clear glass vial with its circumference marked 7.5 cm up the vial. Flies were
given 30 seconds to acclimate to the vials. We then tapped the flies to the bottom of the
vial and recorded the time taken for each fly to cross the 7.5 cm mark, with a maximum
allowed climb time of 30 seconds. Flies that did not pass the mark within 30 seconds
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were designated as “did not finish”. The numbers of flies tested are indicated in the
legend to Figure 4.1. Significant differences from control were assessed using one-tailed
Student’s t-test. Grooming and seizure activity were also scored at this time and
differences between control flies and flies exposed to cocaine were assessed using
Fisher’s exact test.
Startle response: Following acute cocaine consumption, we tested single flies in
their vials for acute startle response. To ensure the same amount of mechanical
stimulation for all trials, we constructed a ‘fly drop tower’ in which all vials were
dropped 42 cm and then secured in a horizontal position. As soon as the vials attained a
horizontal position the flies were observed for 45 seconds and the total time each fly
spent moving was recorded (Video S4.1). The numbers of flies tested are indicated in the
legend to Figure 4.1. Significant differences from control were 6 assessed using onetailed Student’s t-test. Grooming and seizure activity were also scored at this time and
differences between control flies and flies exposed to cocaine were assessed using
Fisher’s exact test. While grooming, flies were stationary.
Brain dissection and dissociation
Brains were dissected from each fly immediately after it consumed the designated
amount of sucrose or cocaine solution. We used a dissociation protocol modified from
Croset et al. (2018) and Davie et al. (2018). We dissected brains in cold D-PBS (Gibco,
Thermo Fisher Scientific, Waltham, MA) and collected them into 1.7 ml tubes in cold
Schneider’s medium (Gibco). We collected 20 brains per sample within one hour. We
collected eight samples of 20 brains from males and females exposed to cocaine or
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sucrose, with two biological replicates per treatment and sex. We replaced the D-PBS in
the dissection dish after dissecting 2 brains to ensure that it stayed cold and we used
separate drops of buffer for decapitation and brain dissection to avoid contaminating the
brain samples. We centrifuged the samplesn at 300xg at 4oC for 5 min and removed the
supernatant. We then added 450µl of collagenase solution (50 ul of fresh 25mg/ml
collagenase (Gibco) in sterile water + 400µl of Schneider’s medium), flicked the tube
gently and allowed the brains to incubate at room temperature for 30 min. We replaced
the collagenase solution after centrifugation with PBS + 0.04% BSA (NEB, Ipswich,
MA). We mechanically dissociated the brains slowly and gently, using stepwise
trituration - P200 pipette 5 times, 23G needle pre-wetted with PBS + BSA 5 times, and
27G pre-wetted needle 5 times. We passed the suspension through a pre-wetted 10µm
strainer (Celltrics, Görlitz, Germany) aided by gentle tapping. We added 50ul of
PBS+BSA to aid flow of the suspension through the strainer. We counted live cells using
a hemocytometer with trypan blue exclusion. We proceeded with GEM generation using
the Chromium controller (10X Genomics, Pleasanton, CA) if we had a live cell count of
> 500 live cells/µl.
Library preparation and sequencing
We made libraries after GEM generation in accordance with 10X Genomics v3.1
protocols. We determined fragment sizes using Agilent Tapestation kits (Agilent, Santa
Clara, CA) - d5000 for amplified cDNA and d1000 for libraries. However, the samples
were not diluted at either step since these were not high concentration libraries. We
measured the concentrations of amplified cDNA and the final libraries using a Qubit 1X
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dsDNA HS kit, also without dilution. In addition to Qubit, we quantified the final library
concentrations using a qPCR based library quantification kit (KAPA Biosystems, Roche,
Basel, Switzerland) in order to measure the concentration of fragment sizes of interest in
accordance with the manufacturer’s recommendations. We used 12 cycles for the cDNA
amplification and 14 cycles for indexing PCR. We sequenced the final libraries on an S1
flow cell using a Novaseq (Illumina, Inc., San Diego, CA) according to the
manufacturer’s instructions.
FASTQ generation, demultiplexing and alignment
The mkfastq pipeline within Cell Ranger v3.1 (10X Genomics, Pleasanton, CA)
was used to convert BCL files from the sequence run folder to demultiplexed FASTQ
files. Release 6 version of the Drosophila melanogaster reference GCA_000001215.4
from NCBI Genbank was indexed using the mkref pipeline and used for alignment using
the count pipeline within Cell Ranger v3.1 with the expected cell count parameter set to
5,000 cells. The sequencing and alignment summary is given in Supplemental Table
S4.2.
Preprocessing, integration and cell-type clustering
Raw expression counts output for each sample from the Cell Ranger pipeline was
imported and analyzed using the Seurat v3 package in R (Butler et al. 2018). Genes
expressed in less than 5 cells and cells with less than 300 or greater than 2500 RNA
features were filtered out. Normalization and subsequent integration were performed
using scTransform pipeline (Hafemeister and Satija, 2019). To identify the cell-type
clusters within the dataset, unsupervised clustering using the FindClusters function and a
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resolution of 0.8 was used. Cluster marker genes were identified using FindAllMarker
function (min.pct=0.25, logfc.threshold = 0.5, only.pos = TRUE).The top three genes
with positive expression for each cluster were extracted and used for cell-type
characterization.
Differential expression
Differential expression was performed for each cluster in two ways: (i) after
combining male and female samples together to test for effects of cocaine that are
common to both sexes; and (ii) testing for effects of cocaine in males and females
separately to identify sexually-dimorphic responses. The Pearson residuals output from
scTransform pipeline was used as input for differential expression (DE) calculation
(Hafemeister and Satija, 2019). The MAST algorithm was used as the testing
methodology in the FindMarkers function (test.use = "MAST", assay = "SCT", slot =
"scale.data") for each cluster to calculate DE. Clusters with sufficient number of DEGs
were subjected to pathway enrichment analysis using the statistical overrepresentation
test using the PantherDB (Thomas et al. 2003) and Reactome databases (Fabregat et al.
2016). Pathways with BH-FDR adjusted P values < 0.05 were considered statistically
enriched. Simulation of bulk RNAseq response The results from DE calculation from the
combined dataset were used to determine which genes were consistently upregulated and
downregulated, respectively, across all clusters as a result of exposure to cocaine. The top
50 ranked differentially upregulated genes for each cluster and the top 20 ranked
differentially downregulated genes for each cluster were input into TopKLists R package
(Schimek et al. 2015).
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Cluster-specific co-expression networks
The scaled data from the scTransform pipeline for differentially expressed genes
from clusters 16 and 22 were extracted for the male samples. These scaled data were used
as input for filtering through Random Matrix Theory (RMT; Gibson et al. 2013). The
correlations that passed the filtering process were visualized using Cytoscape version
3.7.2. The MCODE algorithm (Bader et al. 2003) was utilized to identify highly
interconnected modules within the larger cluster network. Genetic interaction networks
were constructed by converting the gene IDs to gene names/symbols using the FlyBase
Consortium’s ‘Query-by-symbols/ID’ tool and calculating interactions between gene
products using the stringApp plugin within Cytoscape (Doncheva et al. 2019). To identify
specific pathways that are enriched in genes within each of the circular groups, we
performed statistical overrepresentation tests on the gene IDs from each group using the
PantherDB (Thomas et al. 2003) and Reactome (Fabregat et al. 2018) databases.
Pathways with BH-FDR adjusted P values < 0.05 were considered statistically enriched.

Supplemental Tables
Table S4.1: Raw behavioral data of flies exposed to cocaine. Refer to
Supplemental_Table_S4.1.xlsx
Table S4.2: Summary of sequencing and alignment statistics.
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Figure S4.1: Visualization of gene expression patterns using UMAP projections. Gene
expression patterns of single cells (n = 86,224) from all 8 (2 ♀cocaine, 2 ♀sucrose, 2
♂cocaine, 2 ♂sucrose) samples were visualized in low dimensional space using a graphbased, non-linear dimensionality reduction method (UMAP). Individual dots represent
each cell and the colors of the dots represent the samples to which the cells belong.
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Figure S4.2: UMAP visualization of expression patterns for genes that respond globally
to cocaine exposure. Visualization of gene expression patterns was performed using
UMAP projections. Each dot represents a cell within the integrated dataset from all 8
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samples. The color gradients of the dots represent the normalized and scaled expression
value of the genes that respond globally due to acute cocaine exposure in each sample
group (separated based on sex and condition). Identities of specific clusters and groups of
cell types are indicated in the Rpl41 panel A: GL - Glia, OL - Optic Lobe, AC astrocytes, GLMN - Glutamatergic neurons, MB - Mushroom Body, GBN - GABAergic
neurons.
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Figure S4.3: Full co-expression network analysis of DEGs from the male C16 cluster.
Network constructed from Pearson Coefficient based co-expression values calculated
from scaled data of genes that were differentially expressed (filtered for |logeFC| > 0.5,
Bonferroni adjusted P value < 0.05) due to cocaine exposure in C16 of the male dataset.
Co-expressions have been filtered using Random Matrix Theory. The colors of the dots
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represent the connectivity index derived from MCODE scores. The colors of edges
represent the positive (red) and negative (green) correlations.

Figure S4.4: MCODE Subnetworks from co-expression network analysis of DEGs from
the male C22 cluster. Network constructed from Pearson Coefficient based co-expression
values calculated from scaled data of genes that were differentially expressed (filtered for
|logeFC| > 0.5, Bonferroni adjusted P value < 0.05) due to cocaine exposure in C22 of the
male dataset. Coexpression values have been filtered using Random Matrix Theory. (a-c)
MCODE subnetworks derived from the full network. The colors of the dots represent the

234

connectivity index derived from MCODE scores. The colors of edges represent the
positive (red) and negative (green) correlations.

Supplemental Movies
Movie S4.1: Startle response assay. Refer to Supplemental_Movie_S4.1.mp4
Movie S4.2: Grooming behavior of a male exposed to cocaine. Refer to
Supplemental_Movie_S4.2.mp4
Movie S4.3: Seizure of a male exposed to cocaine. Refer to
Supplemental_Movie_S4.3.mp4
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Appendix D- Supplementary material for Chapter V

Files are located online in Clemson Box:
Mokashi_dissertation/Chapter_5_FASD_scRNAseq
Supplemental Figures
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Differentially expressed genes are filtered at |logeFC| > 1.0 and a Bonferroni adjusted p
value < 0.05.

Supplemental Tables
Supplementary Table S5.1. ANOVA tables for viability, ethanol sensitivity, and sleep
and activity.
Supplementary Table S5.2. Sequencing statistics. F denotes females and M denotes
males. C indicates control medium and E ethanol-supplemented medium. The numbers
indicate replicates 1 and 2.
Supplementary Table S5.3. Genes used to annotate cell clusters.
Supplementary Table S5.4. List of differentially expressed genes in each cluster in
males. Each sheet corresponds to the male analyses for the given cluster. “Avg_diff” is
conditionally formatted to indicate up- and down-regulation of expression in ethanol
compared to regular food (red: up-regulated, green: down-regulated and yellow: no
difference). p_val: raw p-value from the differential expression analysis for the given
gene in the corresponding cluster. avg_diff: the difference in the log(e) transformed
average expression of the given gene in the corresponding cluster (sheet) between the two
conditions (ethanol compared to regular food). Values above zero indicate up-regulation
of expression due to developmental exposure to ethanol, and likewise, values below zero
represent down-regulation of expression due to ethanol. p_val_adj: Bonferroni adjusted
p-value. The DE matrix sheet is a summary of differentially expressed genes (columns)
and the clusters in which they are differentially expressed (rows) with orange indicating
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upregulation and purple indicating downregulation at |avg_diff| thresholds of 0.25 and 1.
The All DE per cluster sheet and the All DE sheet are summaries of all the differentially
expressed genes.
Supplementary Table S5.5. List of differentially expressed genes in each cluster in
females. Each sheet corresponds to the female analyses for the given cluster. “Avg_diff”
is conditionally formatted to indicate up- and down-regulation of expression in ethanol
compared to regular food (red: up-regulated, green: down-regulated and yellow: no
difference). p_val: raw p-value from the differential expression analysis for the given
gene in the corresponding cluster. avg_diff: the difference in the log(e) transformed
average expression of the given gene in the corresponding cluster (sheet) between the two
conditions (ethanol compared to regular food). Values above zero indicate up-regulation
of expression due to developmental exposure to ethanol, and likewise, values below zero
represent down-regulation of expression due to ethanol. p_val_adj: Bonferroni adjusted
p-value. The DE matrix sheet is a summary of differentially expressed genes (columns)
and the clusters in which they are differentially expressed (rows) with orange indicating
upregulation and purple indicating downregulation at |avg_diff| thresholds of 0.25 and 1.
The All DE per cluster sheet and the All DE sheet are summaries of all the differentially
expressed genes.
Supplementary Table S5.6. Human orthologs of differentially expressed genes
Supplementary Table S5.7. Common differentially expressed genes upon
developmental alcohol exposure and acute exposure to cocaine.
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Supplementary Table S5.8. Comparison of cell type-specific differentially expressed
genes between developmental ethanol exposure and acute cocaine exposure. Metacomparison sheet contains the mapping of clusters and cell types between the two
datasets as well as the methodology and summary of the comparisons. The rest of the
sheets contain the list of statistically significantly differentially expressed genes, their
Loge fold change values, the calculations of the comparisons between the two datasets
for each cell type-category. The comparisons were done for each cell type-category
separately for the male and female datasets.
Supplementary Table S5.9. Gene ontology analysis of differentially expressed genes
identified both after developmental exposure to alcohol and acute intake of cocaine.

242

